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ABSTRACT

Located at the interface between uplands and surface water networks, headwater
wetlands act as a natural filter to improve downstream water quality and play a critical
role in maintaining the ecological integrity of downstream aquatic ecosystems.
Vulnerable to development pressure, as well as indirect impacts from land use and
climate change, the loss and alteration of headwater wetlands has been linked to the loss
of biodiversity and regional water quality declines worldwide. The overall goal of this
dissertation is to address some of the challenges associated with the management and
conservation of headwater wetlands in the coastal plain of Virginia including: the
identification of palustrine forested wetlands in flat coastal landscapes (Chapter I1); and
improved understanding of the impacts of land use (Chapter I11) and climate change
(Chapter 1V) on the hydrologic regime of headwater wetlands.

First, a simple model of wetland distribution was developed by characterizing the
depth to groundwater using widely available geospatial data, including surface water
features and a high-resolution digital elevation model. Comparison with the National
Wetland Inventory (NWI) and targeted field validation indicated that this model provides
an effective approach to identify palustrine forested wetlands often unmapped by NWI.
Results from this study indicate that there may be at least 37% more wetland area than is
currently mapped within the study area; and that in the future, modeling approaches
should be used in addition to NWI mapping to better understand the full extent and
distribution of wetlands in forested areas.

The impacts of land use and climate change were then investigated through field
studies of headwater wetland hydrology and community composition. Potential
differences in headwater wetland hydrology were evaluated through an index of
hydrophytic vegetation occurrence, the wetland prevalence index (P1). Changes in PI
between sapling and canopy strata, with respect to local land use, indicated that decreased
forest cover was associated with a shift in plant community composition, and that
increasing road density was associated with a shift towards more upland type species,
while increasing agricultural cover was associated with a shift towards more wetland type
species.

The effects of climate change, including rising temperatures and altered
precipitation patterns were evaluated by developing an empirical model of water table
depth for coastal headwater wetlands. Wetland water levels were simulated under current
and potential future conditions to evaluate the impact of climate change on the hydrologic
regime of headwater wetlands. Based on the model scenarios applied in this study, it
appears that decreasing water availability may lead to drier conditions at headwater
wetlands by the end of the 21° century, with a substantial decline in minimum water
levels and a 3-10% decline in average annual percent saturation.

Collectively, the results of this dissertation provide practical insights for
improving the conservation and management of coastal headwater wetlands. Improved
understanding of the extent and distribution of previously unmapped forested wetlands
can improve the capacity to monitor wetland loss and degradation. Additionally,
clarifying the influence of land use and climate on the hydrologic regime of these
wetlands, can help improve the capacity to forecast and then mitigate potential future
impacts to wetland hydrology.
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Evaluating the Impacts of Land Use and Climate Change on the Hydrology of Headwater
Wetlands in the Coastal Plain of Virginia



CHAPTER |
Introduction: Challenges Related to the Conservation and Management of Headwater

Wetlands in the Coastal Plain



MOTIVATION

Defined as first- and second-order streams, headwaters and their adjacent wetlands
establish the beginning of a river network (Leopold et al 1964). Located at the interface
between uplands and surface water networks, headwater wetlands intercept shallow
groundwater and surface runoff, acting as a natural filter to improve downstream water
quality. Important functions provided by headwater wetlands include sediment retention,
flood attenuation, and the removal of pollutants/excess nutrients (Meyer and Wallace
2001; Peterson et al 2001). Headwaters also contribute to regional biodiversity by
providing habitat/refuge (Meyer et al 2007), and sustain downstream aquatic and riparian
biota by exporting organic matter, nutrients, and woody debris (Meyer and Wallace 2001,
Wipfli et al 2007). The input of this terrestrial organic matter influences food web
dynamics, production, nutrient and carbon retention, and various other stream processes
(Wipfli et al 2007).

Headwater systems play a critical role in maintaining the ecological integrity of
downstream aquatic ecosystems (Freeman et al 2007). As compared to higher order
streams and wetlands, the loss or degradation of headwater wetlands is expected to have a
disproportionate impact on downstream water quality (Peterjohn and Correll 1984;
Cooper et al 1987; Brinson 1993). Thus these systems have been recognized as some of
the most critical wetlands needed to achieve the Clean Water Act policy “to restore and
maintain the chemical, physical, and biological integrity of the Nation’s waters” (Hupp
2000). Vulnerable to development pressure, surrounding land use stressors, and climate
change impacts, the loss and alteration of headwater wetlands have been linked to loss of

biodiversity and regional water quality declines worldwide (Freeman et al 2007).



Despite no net loss policies and mitigation guidelines, Virginia continues to lose
wetland acreage and functional capacity through both permitted activities and natural
processes (Tiner et al 2005; VDEQ et al 2018). There are a number of challenges
associated with the management and conservation of headwater wetlands. While the
continued loss of wetlands may be in part explained by direct human actions such as
draining and filling, recent trends in wetland losses are likely also a result of indirect
impacts due to natural processes such as storms and flooding, and human impacts as
result of land use and climate change (Brinson and Malvarez 2002). Furthermore,
incomplete and/or outdated wetland maps limit our ability to monitor wetland loss and
degradation, and develop and implement effective policies for wetland conservation and
management (Maxa and Bolstad 2009; Lang et al 2013). Improved understanding of
headwater and isolated wetland distribution is frequently identified as a critical need for
both effective regulation of the public trust, and efficient planning for public and private
sector infrastructure (Pitt et al 2012; Leonard et al 2012; Lang et al 2013).

Focusing on the Coastal Plain of Virginia, this research seeks to inform the
conservation and management of headwater wetlands, and the important water quality
functions they provide, by:

e Developing an approach to identify palustrine forested wetlands in a coastal
plain watershed using widely available geospatial data (Chapter 11);

e Describing how the character and condition of headwater basins influence the
structure and plant community composition of headwater wetlands with

respect to changing hydrologic conditions (Chapter I11); and



e Developing a model to simulate the water table dynamics of coastal plain

headwater wetlands under current and future climate conditions (Chapter V).

BACKGROUND

Changes in catchment-level hydrology, resulting from land use and climate change,
have contributed to the degradation of streams, wetlands, and other aquatic ecosystems
(DeLaney 1995; Messina and Conner 1998; Faulkner 2004). Land use changes have been
shown to increase upland runoff, reduce water quality, and alter channel morphology in
low-order streams (Paul and Meyer 2001; Boggs and Sun 2011), while regional climate
influences flow routing time, peak flows and runoff volume (Changnon and Demissie
1996; Prowse et al 2006). While a general understanding of the effects of land use on
aquatic ecosystems has emerged (Walsh et al 2005; Blann et al 2009), the impact of
altered hydrology on downstream ecosystems depends on catchment specific attributes
that regulate the movement of water and materials throughout the watershed (Franczyk
and Chang 2009). The strength, direction, and types of flow directly influence the
establishment of wetlands, and their capacity to perform ecosystem functions such as
sediment transport and nutrient cycling (Brinson 1993). Although the consequences of
altered hydrology have been studied extensively in many aquatic and wetland
ecosystems, it is unclear to what extent land use and climate change will affect the
hydrologic regime of headwater wetlands, particularly in flat coastal landscapes (Gomi et

al 2002; Barksdale et al 2014).



Coastal Plain Hydrology

The Coastal Plain of the southeastern United States has a humid subtropical climate,
characterized by hot, humid summers and mild to cool winters (Trewartha and Horn
1980). The topography is generally flat to gently sloping, with broad floodplains and low-
gradient streams subject to frequent inundation (Hupp 2000). Due to its low slope and
relatively flat topography, the hydrology of coastal regions in the southeastern U.S. is
typically characterized by slow runoff with a shallow water table. These conditions
support an extensive network of streams and wetlands, driven by a combination of
groundwater discharge, precipitation, and flooding from streams (Winter 2000; Callahan
et al 2017). Although precipitation is fairly constant throughout the year, seasonal
variations in evapotranspiration generate distinct hydrologic seasons: a low-flow season
in June — October when increased evapotranspiration draws down the water table, and a
high flow season from November — May, when adjacent wetlands are likely to be
inundated (Williams and Pinder 1990; Hupp 2000).

The major components contributing to the hydrology of non-tidal wetlands in flat
coastal landscapes include precipitation, evapotranspiration, groundwater discharge, and
surface flow (i.e., runoff and overbank flooding) (Winter 2000; Mitsch and Gosselink
2015). Watershed size, shape, and relief influence flood discharge and time to peak flow,
while soils and land use influence infiltration and runoff (Engelhardt et al 2012).
Headwater catchments are generally small, with shallow soils and limited water storage
capacity (Gomi et al 2002). Thus headwater wetlands may exhibit a flashy, hydrologic
regime, with water levels that rise and fall rapidly following precipitation events (Brinson

1993; Rheinhardt et al 2000; Gomi et al 2002).



In the southeast coastal plain, headwater wetlands are primarily groundwater driven
(Noble et al 2007), subject to shallow, short-duration floods resulting from groundwater
discharge and overland flow (Rheinhardt et al 2000). Although these wetlands are rarely
flooded for extended periods, near-surface saturation generally occurs for a least a
portion of the growing season, and often persists for most of the year (Noble et al 2007).
Wetlands receiving discharge from regional groundwater systems may benefit from a
relatively stable water source, which may maintain wetland hydrology despite other
changes in precipitation, run-off, or catchment hydrology (Winter 2000). However, even
small changes in the water budget of shallow groundwater systems can result in
substantial shifts in surface hydrology and groundwater discharge (i.e., increasing
stormflow runoff or decreasing critical baseflow to receiving streams and wetlands;
Callahan et al 2017). The impacts of climate and land use change on the hydrology of
headwater wetlands may have different impacts in the coastal plain as compared to other
physiographic regions, due to characteristic differences in stream velocity, channel

morphology, and flooding regimes (Winter 2000; Hardison et al 2009).

Plant Community Composition

Hydrology is perhaps the single most important factor driving wetland processes and
biota (Mitsch and Gosselink 2015). Changes in hydrology have been linked to decreased
species richness, the loss of sensitive species, and an increase in non-native/invasive
species (Wilcox 1995; Ehrenfeld 2000). Shifting hydrologic regimes as a result of land
use and/or climate change may also cause a corresponding shift in plant zonation, such as

the loss or invasion of woody species due to draining or flooding (U.S. EPA 2002).



Upland species may replace wetland vegetation as result of enhanced drainage or lowered
groundwater levels (Havens et al 2006; Barksdale and Anderson 2015), while increased
inundation and/or saturation may lead to an increase in obligate wetland species. The
timescale of hydrology induced shifts in species composition is under debate, with some
studies indicating that species shifts can occur within a few years (Armentano et al 2006;
Zweig and Kitchens 2008), while others argue that such shifts take make longer (Givnish
et al 2008).

Although specific relationships are not well understood, species tolerance to different
hydrologic stressors and conditions drive the distribution and zonation of plant species,
(Hupp 2000). Variations in hydrology (i.e., depth, duration, and frequency of inundation)
have been repeatedly shown to influence the species composition of wetland plant
communities (e.g., Casanova and Brock 2000; Baldwin et al 2001; Todd et al 2010).
Casanova and Brock (2000) found that the duration of individual flooding events may be
the most important factor determining plant community composition in freshwater
wetlands, with short, frequent inundation promoting the highest species richness and
biomass.

While the composition of annual herbaceous species is sensitive to short term annual
and seasonal trends in hydrology (i.e., a particularly wet or dry year), the composition of
longer-lived trees and shrubs is driven by the hydrologic conditions experienced over
multiple decades (Conner et al 2007). Longer lived wetland plants, such as trees and
shrubs often display a delayed response to environmental stressors (U.S. EPA 2002);
once established, wetland trees may persist for many years under conditions no longer

suitable to the recruitment or establishment of new saplings (Williams et al 1999).



Seedlings are more sensitive to flooding stress (Baldwin et al 2001), thus the community
composition of canopy and sapling strata may reflect different timeframes of site

hydrology.

Land Use Change

Most wetland conservation policies focus on minimizing the direct loss of wetland
habitat, with little consideration to surrounding land use, excluding a narrow buffer of
directly adjacent land. However, there is growing evidence indicating that the
composition, function, and resilience of wetlands are impacted by changes in the
surrounding upland land use and watershed hydrology (Houlahan et al 2006). Land use
changes in the Chesapeake Bay watershed date back to the 17™" century when European
colonists began clearing forests for timber and agriculture, and intensified throughout the
19" and 20" centuries as farming became more mechanized and urbanization and
industrialization began to spread. The conversion of forested and natural land covers for
urban/suburban development and agriculture have significantly altered the hydrology of
human landscapes, leading to the loss and degradation of streams, wetlands, and other
aquatic ecosystems (Messina and Conner 1998; Faulkner 2004; Blann et al 2009)

Typical changes in catchment hydrology resulting from land use change include
enhanced surface runoff and decreased groundwater recharge (Walsh et al 2005; Blann et
al 2009). Urbanization alters catchment hydrology through impervious surfaces and
storm water drainage systems, which prevent groundwater recharge and rapidly transport
rainfall to streams and wetlands (Paul and Meyer 2001; Faulkner 2004; Boggs and Sun

2011). As a result, urbanized catchments generally exhibit higher peak flows along with



decreased baseflow and lag times, resulting in a “flashy” hydrologic regime (Walsh et al
2005; Hardison et al 2009). Agricultural land uses can have some of the same impacts on
catchment-level hydrology as urbanization, namely higher peak flows and lower
baseflows; although its effect on hydrology may be more variable (Zedler 2003; Blann et
al 2009). Despite a general understanding of the effects of land use on aquatic
ecosystems, few studies have investigated the impacts of land use change on the
hydrology of headwater wetlands, particularly in flat coastal landscapes.

A common consequence of enhanced surface runoff due to land use change is channel
incision in low-order streams (e.g., Havens et al 2006; Hardison et al 2009). Coupled
with reduced upland recharge, headwater stream incision affects adjacent wetlands via a
drawdown of the water table, which reduces the groundwater discharge and overbank
flooding characteristic of coastal plain headwaters (Havens et al 2006). This effect may
also exacerbate seasonal groundwater variability, particularly summer drawdowns, in
urbanized watersheds (Hardison et al 2009). Sometimes referred to as an urban “riparian
hydrologic drought”, this altered hydrology (i.e., decreased hydroperiod) can cause
riparian zones to behave more like upland systems (Groffman et al 2003). In headwater
wetlands decreased soil saturation, as a result of altered hydrology and/or channel
incision, may cause upland vegetation to replace wetland species, eliminating riparian
habitat and altering aquatic food webs (Havens et al 2006). Flashier hydrology, with
reduced residence time, may also limit the opportunity and capacity of headwater

wetlands to filter runoff, negatively impacting downstream water quality (Hupp 2000).
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Climate Change

The effects of climate change, including rising temperatures, changes in
precipitation intensity and frequency, and sea level rise may also substantially alter the
structure and function of coastal wetlands in the southeastern United States (Burkett &
Kusler, 2000; Mulholland et al., 1997). Together with catchment characteristics such as
topography and land use, local and regional climate conditions establish the temperature
and hydrologic conditions that drive the composition, productivity, and biogeochemical
cycling of aquatic and wetland ecosystems (Mulholland et al 1997).

In the southeastern United States, climate models project an increase in mean annual
temperatures of 2 °C to 10 °C by the end of the 21% century (Diffenbaugh and Field
2013). In addition to the mean warming trend, temperature extremes are also expected to
increase, with more intense and frequent heat waves (Meehl et al 2007). Projections of
annual precipitation in the Mid-Atlantic region vary widely between contrasting climate
change forecasts for decreasing subtropical precipitation to the south and increasing
subpolar precipitation to the north. However, most model projections agree that
precipitation will increase in the winter and spring, and that precipitation intensity will
increase as a result of increasing storm frequency and intensity (Meehl et al 2007; Najjar
et al 2009).

Groundwater driven wetlands, such as headwater systems, are generally thought
to be somewhat resilient to the impacts of climate change on hydrologic cycles, due to the
buffering capacity of regional groundwater flows (Winter 2000). However, the shallow
groundwater tables characteristic of the coastal plain may be particularly vulnerable to

changes in precipitation (P) and evapotranspiration (ET) (Lu et al 2009). In the

11



southeastern United States, evapotranspiration returns a large proportion (50-80%) of
precipitation to the atmosphere (Lu et al 2003). In this region, small changes in
precipitation and evapotranspiration may have substantial impacts on streamflow,
particularly in coastal areas. Thus, rising temperatures and increased evapotranspiration,
coupled with altered precipitation patterns, may lead to shorter periods of inundation and
decreased soil saturation (Mulholland et al 1997). Decreasing water levels may have a
number of consequences, such as shifting plant community composition towards more
upland and woody species (U.S. EPA 2002), and/or enhancing the emission of
greenhouse gases from wetland soils (Burkett and Kusler 2000).

Most, if not all, wetlands exist within hydrologically altered landscapes. Existing
stressors can make wetlands more vulnerable to climate change impacts, and complicate
predictions of how climate change will affect these systems. For example, differences in
catchment land use which influence surface runoff, may mitigate or enhance the effect of
altered precipitation patterns (Najjar et al 2010). It is not realistic to protect wetlands
from changes in temperature, precipitation, and sea level. However, it may be possible to
mitigate some of these impacts by taking steps to increase wetland resiliency, such as
increasing wetland protection and eliminating stressors that increase the sensitivity of
wetland plants and animals to climate change (Burkett and Kusler 2000). Better
identifying the distribution of headwater wetlands and clarifying the influence of land use
and climate on the hydrology and community composition of these wetlands, may help
inform future management decisions aiming to improve the resilience of headwater

wetlands to land use and climate change.
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DISSERTATION STRUCTURE

This dissertation is comprised of three studies focused on the influence and impacts of
topography, land use, and climate on the hydrology of headwater wetlands in the coastal
plain of Virginia. The general structure is as follows:

Chapter Il addresses the challenges of mapping headwater wetlands in forested
coastal landscapes. This study demonstrates that widely available geospatial data,
including surface water features and a high-resolution digital elevation model (DEM),
can be applied to interpolate shallow groundwater depth, and that characterizing the
depth to groundwater is an effective approach to identify palustrine forested wetlands.
Results from this study have direct implications for wetland mapping and inventories,
and also provide important insight regarding the extent and distribution of forested
wetlands.

Chapter 111 evaluates the influence of land use and basin topography on the
structure and community composition of forested headwater wetlands. Changes in plant
community composition between mature and sapling strata were evaluated as an indicator
of changing hydrologic conditions within and among sites. Differences in shifting
hydrologic regimes were evaluated with respect to upland land use and topography to
examine the influence of catchment conditions on long-term shifts in site hydrology.

Chapter IV evaluates the influence of climate on the water table dynamics of
coastal headwater wetlands by developing an empirical model of water table depth. This
model is then applied to simulate future water table dynamics using the MIROCS5 general
circulation model (GCM) under two Representative Concentration Pathways (RCPs 4.5

and 8.5). This study quantifies the potential impact of climate change on headwater

13



wetland hydrology under a single GCM and provides a framework for evaluating climate

impacts on coastal headwater wetlands for a range of potential future conditions.
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CHAPTER Il
Mapping the Depth to Groundwater to Predict the Distribution of Palustrine Forested

Wetlands in a Coastal Plain Watershed
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ABSTRACT

Accurate mapping of wetland resources is a critical component of wetland and
watershed management. Incomplete and/or outdated wetland maps limit our capacity to
monitor wetland loss and degradation and develop and implement effective policies for
wetland conservation and management. The U.S. Fish and Wildlife Service National
Wetland Inventory (NWI) is one of the most widely available and frequently utilized
wetlands maps in the United States. However, given the challenges associated with
optical remote sensing of wetlands, small forested wetlands are often omitted from NWI
maps. This study demonstrated that widely available geospatial data, including surface
water features and a high-resolution digital elevation model (DEM) can be applied to
model shallow groundwater depth, and that characterizing the depth to groundwater is an
effective approach to identify palustrine forested wetlands in a coastal plain watershed.
Model accuracy was evaluated by comparison to the NWI, followed by targeted field
validation to test against potential false positives. While this approach omitted 41% of
NWI-mapped wetland area, field validation suggests this approach identified an
additional 2,235 — 2,794 ha of previously unmapped wetlands, representing a 37 — 46%
percent increase in known wetland area within the study area. Results from this study
suggest that modeling approaches should be used in addition to NWI mapping in order to
leverage the best available data regarding wetland extent and distribution from both

procedures.
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INTRODUCTION

Accurate mapping of wetland resources is a critical component of wetland and
watershed management. Incomplete and/or outdated wetland maps limit our ability to
monitor wetland loss and degradation, and develop and implement effective policies for
wetland conservation and management (Maxa and Bolstad 2009; Lang et al 2013). While
on-site mapping can provide highly detailed wetlands data, it is often time and cost
prohibitive at landscape scales (Harvey and Hill 2001). Therefore, one of the most
common approaches to wetland mapping, involves remote observation from aerial
imagery.

The U.S. Fish and Wildlife Service National Wetland Inventory (NWI) is one of
the most widely available and frequently utilized wetlands maps in the United States.
Established in 1974 to conduct a nationwide inventory of wetland resources, NWI data
are available for more than 90% of the conterminous U.S. NWI wetland maps are
produced by photointerpretation of aerial imagery, along with ancillary data and field
verification (Tiner Jr. 1990; Tiner, RW 2009). Although NWI maps are carefully
produced by trained image analysts, there are many challenges associated with optical
remote sensing of wetlands, particularly in forested areas (Stolt and Baker 1995; Kudray
and Gale 2000; Lang et al 2013). Furthermore, manual photointerpretation is time and
resource intensive, and as such NWI maps cannot be frequently updated. In many parts of
the U.S., NWI maps are now out of the date, particularly in regions that have experienced
extensive land use change (Kudray and Gale 2000; Tiner, RW 2009; Matthews et al

2016). In the most of the southeastern U.S., the best available NWI maps were produced
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from 1980s color infrared imagery (1:58,000), and in some cases 1970’s black and white
imagery (1:80,000) (Tiner, RW 2009).

Wetland mapping accuracy also varies by wetland type. Palustrine forested
wetlands are among the most difficult types of wetlands to map, both in the field and
even more so by remote sensing (Tiner Jr. 1990; Stolt and Baker 1995). Mapping forested
wetlands is especially challenging in areas of low topographic relief with subtle wetland-
upland boundaries, such as coastal and glaciolacustrine plains (National Research
Council 1995). Forested wetlands, particularly small and drier-type wetlands, are
inherently difficult to map by remote sensing due to their canopy cover which obscures
the ground surface, often intermittent hydrology, and spectral similarity to upland forests
(Ozesmi and Bauer 2002). Due to their mapping difficulty, forested and temporarily
flooded wetlands are generally mapped more conservatively by NWI (Tiner 1997;
Kudray and Gale 2000). Since NWI tends towards errors of omission (type 1 errors), as
opposed to errors of commission (type 2 errors) (Tiner 1997), forested wetlands may
frequently be omitted from NWI maps. Estimates of forested wetland omission vary
widely, but can be substantial (Stolt and Baker 1995; Kudray and Gale 2000). This is not
a criticism of NWI, but rather a recognized limitation of the data. NWI maps are relied
upon by numerous scientists and managers. However, as wetland resources are
undetected, they are also unprotected. Accurate accounting of palustrine forested
wetlands is critical, as they make up half of all wetlands in the U.S. and are some of the
most vulnerable wetlands to future loss (U.S. Fish and Wildlife Service 2002; Dahl

2011).

27



Recently developed remote sensing technologies have the potential to improve the
detail and accuracy of wetland mapping, but many challenges still exist, particularly for
forested wetlands where canopy cover obscures observation of the ground surface. For
example, low-level, high-water, leaf-off CIR imagery has been used to improve detection
of small, isolated wetlands by photointerpretation (Dahl 2011; U.S. Fish and Wildlife
Service (USFWS) 2014), but is still limited by many of the same challenges associated
with previous photointerpretation procedures (e.g., confounding canopy cover, manual
interpretation). Active sensor technologies, specifically Light Detection and Ranging
(LiDAR), has the potential to overcome many of the challenges associated with mapping
forested landscapes, due to its ability to pass through openings in canopy cover and detect
the ground surface.

LiDAR sensors measure precise X, Y, z locations by calculating how long it takes
an emitted pulse to be reflected back to the sensor (Vierling et al 2008). LiDAR point
data are frequently used to produce fine-scale Digital Elevation Models (DEMS).
Although topographic data was previously available for most of the U.S., the spatial
resolution was often insufficient for wetland detection, particularly in regions of subtle
topography. LiDAR-derived DEMS have much greater vertical (~ 10 cm) and horizontal
(~ 100 cm) accuracy than provided by previously available topographic data (1 — 10 m
vertical accuracy).

A growing number of studies have demonstrated the potential of LiDAR-derived
DEMs for wetland mapping (Hogg and Holland 2008; Maxa and Bolstad 2009; Leonard
et al 2012; Lang et al 2013), however few have explicitly considered the effects of

hydrology on wetland distribution. LIDAR-derived DEMS have also been used in
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combination with surface and groundwater data to model water table elevations in
shallow, unconfined aquifers. For example, Johnson et al (2016; 2018) modeled the
seasonal high water table in coastal Virginia using USGS groundwater monitoring data
and surface water feature elevations extracted from a LiDAR-derived DEM, and applied
the estimated water table elevation to identify areas suitable for infiltration-based BMPs.
McKenzie et al (2010) utilized a similar approach to predict the risk of groundwater
flooding in the UK. Given that hydrology is the most basic feature of wetlands, and the
single most important factor driving wetland formation and function (Mitsch and
Gosselink 2015), I hypothesized that a similar approach could be used to predict wetland
distribution in forested landscapes. In this study, | developed a simple model of shallow
groundwater depth based on the elevation of surface water features extracted from a high-
resolution LiDAR-derived DEM. | then investigated the capability to apply the estimated
water table depth to predict the distribution of wetlands in a largely forested, coastal plain

watershed.

METHODS
Study Area

Located in the inner coastal plain of Virginia, the lower York River Watershed is
approximately 75,000 ha, extending from the union of the Mattaponi and Pamunkey
rivers to its north to the mouth of the Chesapeake Bay to its south (Figure 1). The
watershed is largely forested (47%), with smaller amounts of agricultural (7%) and
developed impervious (4%) land covers. Wetlands comprise about 9% of the total land

cover. The remainder of the watershed is made up primarily of developed green spaces
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such as lawns and landscaping as well as natural herbaceous vegetation and other
undeveloped land (Virginia Geographic Information Network (VGIN) 2016). The
topography is generally low gradient, with most surface elevations ranging from 0-30m,
though elevations may be as high as 70 m in some places (U.S. Geological Survey
(USGS) 2016). The climate of the inner coastal plain is humid temperate, with hot
summers and relatively mild winters (Holdridge 1967). Close proximity to the
Chesapeake Bay somewhat mitigates climate fluctuations. Average annual precipitation
is approximately 120 cm per year, and evenly distributed throughout the year, excluding
large storm events. However, discharge is highest in the winter when evapotranspiration
is low, and lowest in the summer when evapotranspiration causes a drawdown of the
water table. About 50% of annual precipitation is lost to evapotranspiration; the

remainder is lost to groundwater recharge and surface runoff to streams (Ator et al 2005).

Geospatial Data

In this study | used a combination of widely available geospatial data to develop
and validate a model of shallow groundwater depth and wetland distribution in coastal
Virginia. The input datasets used to develop this model include the National
Hydrography Dataset (USGS 2017); a topobathymetric elevation model for the
Chesapeake Bay region (USGS 2016); the Virginia Landcover Dataset (1 m resolution;
VGIN 2016); and a digitized boundary of the Chesapeake Bay shoreline (Comprehensive
Coastal Inventory Program, VIMS 2018). The high-resolution National Hydrography
Dataset (NHD) is a 1:24,000 map of surface water features such as lakes, ponds, rivers

and streams. Designed for general mapping and analysis of surface water systems, NHD
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maps are based primarily on USGS topographic quadrangle maps and designed to meet
National Map Accuracy Standards (at least 90% of test points within 12 m of their true
position in hardcopy, and 14 m after digitizing) (USGS 2017). The Topobathymetric
Model for Chesapeake Bay Region is a 1-meter topobathymetric elevation model
(TBDEM) developed by USGS in 2016 from the best available topographic and
bathymetric data in the region. The vertical accuracy of elevation data derived primarily
from LiDAR ranges from 15-20 cm RMSE, however horizontal accuracy was not
assessed (U.S. Geological Survey (USGS) 2016).

The National Wetlands Inventory (NWI) database (USFWS 2014) was then
paired with field data to validate model predictions of wetland distribution. The NWI
database includes a mosaic of the best available wetlands inventory data, including
legacy NWI data as well as more recently updated inventories as they become available.
To be included in the NWI database, modern inventory data must meet the minimum
Wetlands Mapping Standard (Federal Geographic Data Committee 2009). Base imagery
must have a minimum resolution of 1m and 1:12,000 scale. In the lower 48 states, the
target mapping unit (TMU), i.e., the smallest wetlands consistently mapped, must be 0.2
ha for wetlands, and 0.4 ha for estuarine and lacustrine deepwater habitats.

Additionally, the horizontal RMSE must be within 5 m for wetlands and within 15
m for estuarine and lacustrine deepwater habitats. However, long and narrow wetlands
(less than 4.6 m wide), such as those following drainage-ways and stream corridors, are
excluded from TMU requirements and therefore may not even be mapped depending on
project objectives (Federal Geographic Data Committee 2009). Modern data meeting the

FGDC minimum wetlands mapping standard were available for most of the study area.
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However, NWI data for approximately 20% of the study area had not been mapped since

the late 1990s to early 2000s, using 1:40,000 color infrared imagery (USFWS 2014).

Model Overview

An indirect method for estimating the depth to shallow groundwater was
developed from the available geospatial data representing surface water features (NHD
and Chesapeake Bay shoreline) and local elevation (TBDEM) (Figure 2). Waterbody
features including lakes and ponds (LP) were extracted from NHD waterbody data, and
flowline features including rivers and streams (RS) were extracted from NHD flowline
data. All waterbody features were then clipped to the extent of the study area and
shoreline. Elevations of the surface water features were then extracted from the TBDEM
and provided as inputs to interpolate a triangulated irregular network (TIN) of water table
elevation, using Delaunay triangulation. Inputs to the TIN surface included the mean
elevation of each lake/pond polygon and the elevation of rivers/streams at 10 m intervals
along the polylines. The shoreline of the Chesapeake Bay (SHL) was assigned a constant
elevation of 0 m, to set the shoreward extent of the water table.

The distribution of wetlands in the study area was then estimated from the
modeled water table elevation. The TIN was converted to a raster and all input waterbody
features were reclassified as “no data”. The depth to water table was calculated by
subtracting the interpolated water table surface from the TBDEM surface elevation
(Figures 3, 4). Based on the criteria for wetland delineation, requiring that wetland water
levels be within 30 cm of the ground surface for at least 2 weeks during the growing

season (Wakeley et al 2010), the interpolated depth to water table was applied to predict
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wetland presence/absence. Given that this approach does not consider seasonal variability
in water table depth, which may be substantial in forested areas, the minimum water table
depth required to predicted wetland presence was extended to 45 cm below ground. Thus,
any location with an estimated depth to water table within 45 cm below ground,
excluding developed/impervious land cover, was predicted to be a wetland (Figure 5). All
analyses were completed in ArcMap 10.0 (ESRI 2011). A detailed workflow diagram is

provided in Figure 6.

Accuracy Assessment

Accuracy assessments are often used in remote sensing and geospatial modeling
to evaluate map quality. For remote sensing, this often involves the comparison of
modeled or predicted data to a reference dataset, typically generated through
photointerpretation and/or on-the-ground validation. Sample data is summarized in an
error matrix, that compares predicted against observed or reference data, and provides the
basis for various summary statistics used to quantify classification accuracy (Table 1).
In this study, model accuracy was evaluated in two phases: in phase 1, predictions of
wetland distribution were assessed by comparison with NWI; and in phase 2, predictions
were assessed through field validation to test against potential false positives identified in
phase 1. In each phase mode accuracy was summarized in an error matrix comparing the
total area of modeled and NWI-mapped wetlands. Summary statistics including the
overall accuracy, errors of omission and commission, and the Kappa coefficient were

calculated for each error matrix (Congalton and Green 1999).
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Overall accuracy is the percentage of points correctly classified as compared to
the reference dataset. Errors of omission (o) refer to features left out, or omitted, from the
category being evaluated; errors of commission (P) refer to features incorrectly included
in the category being evaluated. The Kappa Coefficient evaluates classification accuracy
as compared to random chance. The Kappa Coefficient ranges from -1 to 1, such that 0
indicates the model classification is no better than random chance, a negative number is
worse than random chance, and a positive number is better than random chance. A Kappa
coefficient of 0.8 or above is generally considered to indicate an excellent classification,

while a coefficient of 0.4 of below is considered poor (Congalton and Green 1999).

Phase 1: Comparison to NWI

In the first phase of accuracy assessment | evaluated model predications as
compared to NWI wetlands maps as reference data. For comparison with model-predicted
wetlands, all NWI wetland polygons within the study area were converted to a raster
layer and reclassified as wetland presence/absence. | then performed a pixel-by-pixel
comparison of all NWI and model-predicted wetlands and calculated the model accuracy
summary statistics as previously described. Assuming the reference dataset (NWI) is
completely accurate, model output was classified as true positives and true negatives
where it agreed with NWI, or false positives and false negatives where it disagreed with
NWI; positives refer to model predicted wetlands, while negatives refer to model
predicted uplands.

Using NWI as a reference dataset assumes NWI is a perfect representation of

wetland presence/absence, and thus blames any classification disagreements on model
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predictions. While NWI generally has low errors of commission (i.e., most NWI mapped
wetlands represent true on-the-ground wetlands), under certain conditions NWI may have
high errors of omission (i.e., fail to identify certain wetlands) (Tiner 1997). This is not a
criticism of NWI, but rather a recognized limitation. Therefore, in addition to a pixel-by-
pixel validation, “false positives” (i.e., model-predicted wetlands unmapped by NWI)
were also field validated to determine if they were true errors of model commission, or

rather NWI errors of omission.

Phase 2: Field Validation

The second phase of accuracy assessment involved field validation to test against
“false positives” identified in the phase one accuracy assessment. To account for NWI
boundary uncertainty, NWI wetland polygons were buffered by their minimum horizontal
RMSE accuracy requirement (5 m) (Federal Geographic Data Committee 2009). False
positives for field validation were selected only from model predictions outside of these
boundary buffers. Field validation points were randomly generated from the remaining
false positives in a spatially balanced random sample using a generalized random
tessellation stratified (GRTS) design (Stevens and Olsen 2004). The GRTS sampling
design was selected as it can accommodate nonresponse by including additional sample
points as inaccessible points are discovered, while still maintaining a spatially balanced
sample. Sample points were generated in R using the spsurvey package (Kincaid and
Olsen 2018). Sites were visited in the order in which they were selected until a total of 30
sites had been validated in person or by previous wetland delineations. Property owners

were identified from tax parcel records and all sites for which landowner permission was
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granted were visited in person (n=23). If permission was not granted, the site was still
included if previous wetland delineation maps could be found from local county offices
(n=7).

Field validation was completed from June - October 2017. A hand-held global
positioning system (GPS) with up to 3-meter horizontal accuracy was used to locate
validation sites. Wetland presence/absence was determined at each site following the
procedure developed by the U.S. Army Corps of Engineers for jurisdictional wetland
delineation (Wakeley et al 2010). To determine wetland presence, each site was required
to exhibit positive indicators of wetland hydrology, hydric soils, and hydrophytic
vegetation.

Previous wetland delineation maps were also provided by two localities as
shapefiles and scanned paper maps, which were georeferenced and digitized in ArcGIS.
For these sites, wetland presence/absence was determined by intersecting the validation
points with the delineated wetland maps. | then estimated a new false positive rate based
on field validations and updated the phase one error matrix and accuracy statistics to

reflect the adjusted (i.e., field validated) false positive rate.

RESULTS

Using the model developed in this study to predict wetland extent based on an
interpolated water table depth, | modeled a total of 6,351 ha of wetlands in the lower
York River Watershed study area, making up 11.2% of the total area (Table 2). This
estimate of total wetland area is comparable to the 6,078 ha of wetlands mapped by NWI

in the study area (U.S. Fish and Wildlife Service (USFWS) 2014). However, only about
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60% of the model-predicted wetlands were also mapped by NWI; 2,794 ha of the model
predicted wetlands were unmapped by NWI (Table 2). Most of model-predicted wetlands
unmapped by NWI appear to be relatively narrow and located along the headwater-most
reaches of mapped NWI wetlands, as well as a number of small isolated wetlands
(Figures 7, 8).

The mean size of NWI-mapped wetlands (n = 2552) in the study area was 2.38 ha
with a median of 0.10 ha, while the mean size of model-predicted wetlands (n=28,173)
was 0.23 ha with a median of < 0.01 ha. However, after aggregating all model-predicted
wetlands within 3 m of each other, the mean size of the remaining wetlands (n=20,293)
was 0.31 ha with a median of < 0.01 ha (Figure 9). About 58% of NWI-mapped wetlands
were smaller than NWI’s target mapping unit of 0.2 ha, making up < 1% of all NWI-
mapped wetland area. In contrast, more than 94% of model-predicted wetlands and 92%

of the aggregated, model-predicted wetlands were smaller than 0.2 ha.

Phase Accuracy Assessment 1: Comparison to NWI

As compared to NWI, the classification accuracy of the model is 0.91, with a
kappa coefficient of 0.52 and moderate errors of omission (0.41) and commission (0.44;
Table 4). Most errors of commission (i.e., model-predicted wetlands not mapped by
NWI) appear to be located adjacent to NWI wetlands and/or along linear waterways
towards the headwater reaches of catchments and wetland complexes (Figs. 7, 8). Model
errors of omission (i.e., NWI-mapped wetlands not predicted by the model) were
concentrated in estuarine and marine wetlands (51% total error) and freshwater

forested/shrub wetlands (46%; Table 5). However, the percent of total omission by each
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wetland type is proportionate to its total area, and thus no wetland class was
disproportionately omitted by the model.

Given that NWI tends towards errors of omission, rather than errors of
commission (Tiner 1997), model errors of omission (false negatives) are likely true
model errors. However, NWI is known to have relatively high rates of omissions in
forested regions, particularly flat coastal landscapes (Stolt and Baker 1995; Kudray and
Gale 2000). Therefore, potential model errors of commission (i.e., false positive as

compared to NWI), were further evaluated in the phase two accuracy assessment.

Phase 2 Accuracy Assessment: Field Validation

Following the phase one accuracy assessment, 30 false-positive sites were
randomly selected for field validation to test against model errors of commission. Out of
the 30 field-validated “false positive™ sites, only 6 sites were actually false positives (i.e.,
no on-the-ground wetland); 24 sites (80%) were located within true wetlands omitted by
NWI. Since classification accuracy statistics assume a completely perfect reference
dataset, any classification disagreements are attributed to model error. However, NWI is
not a perfect reference dataset. If 80% of false positives (FP) are actually true positives
(TP), the error matrix can be adjusted by the following equations.

TPuajustea = TP + 0.8 * FP (Equation 1)

FPugjustea = FP — 0.8 x FP (Equation 2)
Following equations 1 and 2, a total of 2,235 ha of model-predicted false positives were
reclassified as true positives in the adjusted error matrix, increasing the area of true

positives (TPadjusted; EQ 1) t0 5,792 ha, and decreasing the area of false positives
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(FPadjusted; EQ 2) to 559 ha (Table 3). Based on the adjusted true positive and false
positive rates, the classification accuracy of the model is 0.95, with a kappa coefficient of

0.76, moderate errors of omission (0.30) and low errors of commission (0.09; Table 4).

NWI Errors of Omission

NWI errors of omission, i.e., wetlands predicted by the model that were identified
as non-wetlands by NWI, were frequent. Field validation of false positives suggests that
80% (2,225 ha) of model-predicted wetlands unmapped by NWI are actually true
wetlands omitted by NWI. Although an estimated 2,225 ha of model-predicted wetlands
were omitted by NWI, about 14% of the total area was within NWI’s range of boundary
uncertainty of 5 m (Federal Geographic Data Committee 2009), and thus should not be
considered a true NWI error. The mean size of aggregated, model-predicted wetlands
omitted by NWI (n=22,372) was 0.12 ha with a median < 0.01 ha. Most omitted wetlands
(90%) were smaller than NWI’s target mapping unit of 0.2 ha, but these wetlands
contributed only 15% of the total false positive area. Sixty-eight percent of omitted
wetlands were within 5 m of an NWI-mapped wetland, while 25% were more than 30 m
from an NWI-mapped wetland. The land cover of omitted wetlands was primarily
forested (72%), with small amounts of turf grass (10%), tree cover < 1 acre (8%), other

wetlands (6%), and open water (4%) (VGIN 2016).
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DISCUSSION

Accurate inventory of small wetlands is not only important for overall wetland
accounting, but it may also be particularly important for water quality and species
management. Cryptic wetlands hidden beneath the forest canopy likely play an important
role in shaping local and regional biogeochemical cycling and stream chemistry (e.g.,
influencing the porewater concentration (Richardson et al 2010) and export of dissolved
organic carbon (Creed et al 2003; Andersson and Nyberg 2009)). In particular, given
their close link with upland terrestrial systems, headwater streams and wetlands are
considered to have a disproportionate impact on downstream water quality, as compared
to higher order streams and wetlands (Peterjohn and Correll 1984; Cooper et al 1987;
Brinson 1993). Small forested wetlands also contribute to regional biodiversity by
providing habit/refuge and foraging opportunities for semi-terrestrial turtles (Joyal et al
2001; Beaudry et al 2008), waterfowl (Scheffers et al 2006), and other species.

Improved understanding of headwater and isolated wetland distribution is
frequently identified as a critical need for both effective regulation of the public trust, and
efficient planning for public and private sector infrastructure (Pitt et al 2012; Leonard et
al 2012; Lang et al 2013). This study demonstrated that widely available geospatial
surface water feature data can be used with a high-resolution DEM to model shallow
groundwater depth, and that characterizing the depth to groundwater is an effective
approach to identify palustrine forested, and headwater wetlands in a forested, coastal
plain watershed. Field validation of model-predicted wetlands also highlighted the
limitations of NWI in identifying small and narrow forested wetlands in flat coastal

landscapes.
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Accuracy Assessment

In the phase one accuracy assessment of model performance, comparison of
model-predicted wetlands with respect to NWI indicated high classification accuracy,
with moderate errors of model omission and commission. The Kappa coefficient of 0.52
indicated moderate agreement with NWI. However, the field validation suggested that
80% of false positives from the phase one accuracy assessment were actually true
wetlands omitted by NWI. Therefore, the errors of commission indicated by the phase
one accuracy assessment were likely exaggerated as compared to on-the-ground
wetlands, and as such the true model performance is likely better than the initial accuracy
assessment would suggest. To account for potential NWI errors of omission in the error
matriX, the total area of true and false positives was adjusted based on the field validated
false positive rate. The adjusted error matrix indicated much lower rates of model
commission, and a Kappa coefficient of 0.76, indicating fairly good model performance.
Most of the remaining model error can be attributed to the omission of 41% of NWI

mapped wetlands.

NWI Errors of Omission

NWI errors of omission were fairly high and within the range of previous studies
(Stolt and Baker 1995; Kudray and Gale 2000), omitting 35% (i.e., 80% of phase one
false positives) - 44% (i.e., all false positives) of model-predicted wetland area. Although
NWI errors of omission are often attributed in part to the outdated imagery used in their
mapping, updated NWI maps were available for most of the study area. Nonetheless,

errors of omission were still high and similar to other evaluations of updated NWI
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inventories (Matthews et al 2016). The high errors of omission identified in this study are
likely a result of the size and type of wetlands typical to the study area.

NWI maps are primarily delineated from aerial imagery and mapping accuracy
varies by wetland type. NWI mapping is generally most accurate in easy-to-identify large
and/or herbaceous wetlands (Tiner 1997). However, small forested, and/or narrow
wetlands are often more difficult to recognize from aerial photointerpretation and are
often substantial sources of error (Ozesmi and Bauer 2002). This is particularly true in
flat landscapes such as the coastal plain, where subtle topography makes it difficult to
discern wetlands boundaries (Tiner 1997). While I did not evaluate the wetland type of
model-predicted wetlands, nearly 80% of model-predicted wetlands omitted by NWI
were located within a forested land cover and beyond the tidal extent of the York River,
suggesting they would likely be classified as palustrine forested wetlands.

NWI mapping is also not designed to capture wetlands smaller than the target
mapping unit (TMU) of 0.2 ha, or long and narrow wetlands along drainage-ways and
stream corridors (FGDC 2009). Given that NWI maps are the primary source of wetland
information the United States, this may exclude a large number and area of wetlands
from local wetland inventories. NWI maps of small forested wetlands have been found to
be problematic in numerous assessments of NWI inventories, including other parts of
Virginia (Stolt and Baker 1995), forested areas of the Great Lakes region (Kudray and
Gale 2000), and metropolitan areas of Illinois (Matthews et al 2016). Results from this
study indicate a similar trend in the coastal plain of Virginia. More than 30% of model-

predicted wetlands were greater than 30 m from an NWI mapped wetland, and 92% of
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model-predicted wetlands were smaller than NWI’s target mapping unit (TMU) of 0.2 ha.
In contrast, only 59% of NWI-mapped wetlands were smaller than 0.2 ha.

NWI data were developed for initial inventories and mapping, and were never
intended for jurisdictional applications (Tiner 1997). However, as they are often the best
available data, NWI is frequently relied upon for numerous research and management
applications. NWI is an excellent resource for wetland conservation planning at coarse
scales (e.g., Groves et al 2002), but it often misses the smallest wetlands critical to local-
scale conservation (Pitt et al 2012; Matthews et al 2016). Although omission of wetlands
smaller than the target mapping unit should not be considered NWI errors, the cumulative
omission of a large number of small wetlands can lead to underestimates of total wetland

area in a region.

Identifying Cryptic Wetlands

Described by Creed et al (2003) and Pitt et al (2012) as “cryptic wetlands”, the
forested wetlands hidden beneath the forest canopy without distinct wetland-specific
canopy species, as indicated by aerial imagery or remote sensing data, present a
significant challenge for remote wetland mapping. Freshwater forested wetlands,
including small isolated and headwater wetlands are some of the most vulnerable
freshwater ecosystems in the United States (U.S. Fish and Wildlife Service 2002; Dahl
2011), in part due to the challenges of remote mapping, as well as the lack of consistent
regulatory protection provided to more permanent navigable water bodies (Zedler 2003;

Nadeau and Rains 2007). Improved mapping of these cryptic wetlands is critical step in
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developing and implementing effective conservation and management strategies for
forested wetlands (Comer et al 2005; Leonard et al 2012; Lang et al 2013).

Given the limitations of NWI in mapping small forested wetlands, alternative
approaches may be needed to identify and map these cryptic wetlands. Model-based
approaches can complement existing wetland inventories by predicting the distribution of
frequently omitted wetland types. However, it is not advisable to develop management
plans based on model output alone. Ground-truthing is critical, as well as taking into
account contextual landscape characteristics such as topography and land use/cover.
Despite identifying numerous wetlands omitted by NWI, this analysis also omitted a
large number of NWI mapped wetlands, primarily estuarine and marine and freshwater
forested/shrub wetlands. Estuarine and marine wetlands were likely omitted as the
approach used in this study did not account for effects of tidal activity on wetland
distribution. However, the omission of many forested/shrub wetlands appears to be due to
issues of positional accuracy (i.e., a spatial mismatch between predicted and NWI-
mapped wetlands), rather than a true omission by either wetland mapping procedure.

As has been suggested in previous studies (Leonard et al 2012), NWI may be
most useful for wetland conservation and management planning when complemented by
a fine-filter wetland mapping approach, such as the model presented in this analysis.
Some of the benefits of a combination approach include decreased mapping error (Martin
et al 2012) and more efficient management planning and decision making (Franklin
2001). Results from this study suggest that modeling approaches should be used in
addition to NWI mapping in order to leverage the best available data regarding wetland

extent and distribution from both procedures. By combining NWI and model-predicted
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wetlands, | estimate there may be at least 8,313 ha of wetlands in the study area, 2,234 ha
of which were previously unmapped, representing a 36.8% increase in the total mapped

wetland area within the lower York River watershed (Table 3).

Errors and Limitations

The greatest potential source of error (and omission of NWI wetlands) in this
study is likely the simplification of complex hydrologic processes that influence water
table elevation and drive wetland formation (e.g., soils and surface topography). Though
what may be lost in a detailed hydrodynamic analysis, is gained in speed and simplicity
of application. The interpolation of shallow groundwater depth developed in this study is
derived from the elevation of surface water features extracted from a DEM, assuming
these elevations represent the average typical surface expression of the water table.
However, in reality these water table elevations represent the sum of antecedent weather
conditions at the time the elevation data were collected, including the effects of past
precipitation, evapotranspiration, and human impacts to hydrologic cycles (e.g.,
groundwater withdrawal).

Additionally, this approach does not account for seasonal water table fluctuations
as a result of precipitation and evapotranspiration that would undoubtably influence water
table depths. Given that wetlands only need to be saturated for at least two weeks of the
growing season to meet regulatory requirements for wetland hydrology (groundwater
within the upper 30 cm; Wakeley et al 2010), incorporating seasonal fluctuations to the
water table may be important in predicting wetland distribution. Absent a more refined

seasonal approach, the minimum water table depth required to predict wetland presence
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was set as 45 cm below ground, as opposed to the 30 cm required by regulatory
standards, to account for potential seasonal fluctuations in the water table depth. Future
efforts to calibrate the model to incorporate seasonal and annual fluctuations in depth to
water table would likely result in improved estimates of wetland extent. Furthermore,
such an approach would also allow evaluation of the potential impacts of climate change,
including increased evapotranspiration and altered precipitation patterns, on wetland
extent and distribution.

Additionally, the interpolation of shallow groundwater depth developed in this
study is derived from the elevation of surface water features, resulting in a linear
interpolation between input features. Yet, the water table often reflects a subdued version
of the surface topography as a result of pressure forces and capillary action, and thus
increases in elevation would generally be reflected by a corresponding increase in the
water table (Johnson 2016; Peck and Payne). Without any input data regarding the depth
to water table at high elevations, or consideration of surface topography the estimated
depth to water is likely exaggerated at topographic highs. While this may be problematic
for other applications of estimated depth to water, most wetlands in the study area are
located in areas of low topography relief, and therefore it likely had little to no impact on
the prediction of wetland distribution.

Finally, the accuracy of model output is largely limited by the accuracy of the
input data. While the DEM used in this analysis had 1 m spatial resolution, the surface
water features used to extract water table elevations may be up to 14 m away from their
true position. Both of these datasets represent great improvements in the positional

accuracy of previously available data, nonetheless they likely introduced additional errors

46



to model output. As improved datasets with higher spatial fidelity become available,

model outputs will also be improved.

CONCLUSIONS

This study provides a rapid method to map the distribution of palustrine forested
wetlands in low-relief areas using widely available geospatial data, including surface
water features and a high-resolution LiDAR-derived DEM. Wetland features were
predicted based on a geospatial model of depth to water table interpolated from surface
water features. Model accuracy was evaluated by comparison to the National Wetland
Inventory, followed by targeted field validation to test against potential false positives.
While this approach omitted 41% of NWI-mapped wetland area, field validation suggests
this approach identified an additional 2,235 — 2,794 ha of previously unmapped wetlands,
representing a 37 — 46% percent increase in known wetland area within the study area.

This approach is not meant to substitute NWI, but rather to supplement existing
wetland inventory data. When used in combination with existing wetland datasets, this
straightforward approach could be applied throughout the coastal plain to more
accurately evaluate the distribution of difficult-to-map isolated and headwater wetlands.
Such information could be invaluable in planning for future infrastructure and
development, as well as long-term wetland conservation and management planning.
However, given that the prediction of wetland distribution is based on an estimated depth
to water table derived from surface water features, predictions will likely be more

accurate in areas with a higher density of waterbodies. Predictions of wetland distribution
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should be used with caution, and only after in situ validation to ensure its accuracy and

applicability to additional regions.
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Table 1. Sample error matrix. True positives and true negatives indicate agreement
between predicted and observed datasets. Positives refer to model-predicted wetlands,
while negatives refer to model-predicted uplands.

Model Predicted NWI (reference)

Wetland  Upland Total

Wetland TP FP TP + FP
Upland FN TN FN+TN
Total TP + FN FP+TN
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Table 2. Phase 1 error matrix comparing the total area (ha) of model-predicted wetlands
against NWI-mapped wetlands. True positives and true negatives are shown in bold.

Model Predicted NWI (reference)

Wetland  Upland Total

Wetland 3,558 2,794 6,351
Upland 2,520 47,420 49,940
Total 6,078 5,0214
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Table 3. Phase 2 error matrix comparing the total area (ha) of model-predicted wetlands
against NWI-mapped wetlands based on the adjusted true positive and false positive rates
(underlined). True positives and true negatives are shown in bold.

Model Predicted NWI (reference)

Wetland  Upland Total

Wetland 5,792 559 6,351
Upland 2,520 47,420 49,940
Total 8,313 49,979
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Table 4. Classification accuracy statistics based on the Phase 1 and Phase 2 error
matrices.

Summary Statistics Phase 1l Phase?2
Classification Accuracy 0.91 0.95
Omission Error 0.41 0.30
Commission Error 0.44 0.09
Kappa Statistic 0.52 0.76
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Table 5. Model errors of omission summarized by NWI wetland classification type.

Estuarine & Freshwater Freshwater
Marine Emergent Forested/Shrub
Omission Errors 0.45 0.35 0.46
Total Wetland Area (%) 0.55 0.03 0.42
Total Omission (%) 0.51 0.02 0.46
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Figure 1. Site map showing the lower York River watershed study area.
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Figure 2. Elevation data and surface water features, including lakes, ponds, rivers, and
streams, used as input data to interpolate water table depth across the study area.
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Figure 3. Estimated depth to water table. Negative values indicate the estimated depth to
groundwater below the surface (m). Positive values indicate surface water, and likely
represent shallow waterbodies and/or inundated wetlands.
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Figure 4. Detailed view of estimated depth to water table for a small subset of the study
area. Negative values indicate the estimated depth to groundwater below the surface (m).
Positive values indicate surface water, and likely represent shallow waterbodies and/or
inundated wetlands.
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Figure 5. Distribution of model-predicted wetlands, where the interpolated depth to water
table was with 45 cm of the ground surface.
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Figure 6. Workflow diagram depicting data processing and modeling procedures.
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Figure 7. Distribution of model-predicted wetlands as compared to National Wetland
Inventory (NWI) wetlands. Model output was classified as true positives (TP) where it
agreed with NWI, or false positives (FP) where it disagreed with NWI. False negatives
refer to NWI wetlands not predicted in this study.
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Figure 8. Detailed view of model-predicted wetlands as compared to National Wetland
Inventory (NWI) wetlands for a small subset of the study area. Model output was
classified as true positives (TP) where it agreed with NWI, or false positives (FP) where
it disagreed with NWI. False negatives refer to NWI wetlands not predicted in this study.
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Figure 9. Size distribution of National Wetland Inventory (NWI) wetlands versus
wetlands predicted in this study based on the interpolated depth to groundwater.
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CHAPTER Il
Evaluating the Influence of Land Use and Basin Topography on the Composition and

Structure of Forested Headwater Wetlands in the Coastal Plain of Virginia
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ABSTRACT

While there is a general understanding of the effects of land use on aquatic
ecosystems, few studies have investigated the impacts of land use change on headwater
wetlands. In this study, twenty-one forested headwater wetlands in the lower York River
watershed, Virginia were surveyed to evaluate the relationship between land use and
basin topography on the plant community composition of headwater wetlands in the
coastal plain of Virginia. Potential differences in headwater wetland hydrology were
evaluated through an index of hydrophytic vegetation occurrence, the wetland prevalence
index (PI). Although the mean PI was fairly consistent among forest strata, there was a
greater range in the strata PI for saplings (range: 2.0-4.0) as compared to canopy species
(range: 2.4-3.8). This may indicate that in the past, there was less inter-site variability in
the hydrologic condition among headwater wetlands in the York River watershed, but
that current conditions have led to both drier and wetter extremes in local hydrology. The
assessment of local land use conditions indicated that decreasing forest cover was
associated with a shift in the hydrologic condition of plant community composition in
headwater wetlands towards more wetland or upland type species. However, the direction
of change in hydrologic conditions appears to be related to the type of land use
disturbance, such that increasing road density was associated with a shift towards more
upland type species and increasing agricultural cover was associated with a shift towards

more wetland type species.
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INTRODUCTION

Defined here as first- and second-order streams, headwaters and their adjacent
wetlands establish the beginning of a river network (Leopold et al 1964). Located at the
interface between terrestrial and aquatic networks, headwater wetlands intercept shallow
groundwater and surface runoff, acting as a natural filter to improve downstream water
quality (Hook and Russ 1988). Important functions provided by headwater wetlands
include sediment retention , flood attenuation, and the removal of pollutants/excess
nutrients (Meyer and Wallace 2001; Peterson et al 2001). Headwaters also contribute to
regional biodiversity by providing habitat/refuge, and sustain downstream aquatic and
riparian biota by exporting nutrients, organic matter, and woody debris (Meyer and
Wallace 2001; Wipfli et al 2007). Headwater systems play a critical role in maintaining
the ecological integrity of downstream aquatic ecosystems (Freeman et al 2007).
Vulnerable to development pressures, surrounding land use change, and climate change
impacts, the loss and degradation of headwater wetlands has been linked regional water
quality declines and loss of biodiversity worldwide (Freeman et al 2007).

Most wetland conservation policies focus on minimizing the direct loss of
wetland habitat, with little consideration to surrounding land use, excluding a narrow
buffer of directly adjacent land. However, there is growing evidence indicating that the
composition, function, and resilience of wetlands are impacted by changes in the
surrounding upland land use and watershed hydrology (Houlahan et al 2006). The
conversion of forested and natural land cover for urban/suburban development and
agriculture have significantly altered the hydrology of human landscapes, leading to the

loss and degradation of streams, wetlands, and other aquatic ecosystems (Messina and

71



Conner 1998; Faulkner 2004; Blann et al 2009). Forest removal is often associated with
an initial increase in groundwater and baseflow due to reduced evapotranspiration (Patric
1973; Williams and Lipscomb 1981; Sun et al 2000); however the conversion of
previously forested areas to urban and agricultural uses can permanently alter basin
hydrology (Barksdale et al 2014). Increases in impervious surface area associated with
urbanization have been shown to increase surface runoff and erosion, reduce water
quality and alter stream morphology (Paul and Meyer 2001; Faulkner 2004; Boggs and
Sun 2011). The development of extensive surface and subsurface drainage systems to
support agricultural practices may also increase surface runoff, as well as sediment and
nutrient loading to streams and wetlands (Zedler 2003; Blann et al 2009). While a general
understanding of the effects of land use on aquatic ecosystems has emerged (Walsh et al
2005; Blann et al 2009), few studies have investigated the impacts of land use change on
headwater wetlands.

Due to its low slope and relatively flat topography, the hydrology of coastal
regions in the southeastern U.S., is typically characterized by slow runoff with a shallow
water table. These conditions support an extensive network of streams and wetlands,
driven by a combination of groundwater discharge, precipitation, and flooding from
streams (Winter 2000; Callahan et al 2017). Headwater wetlands in the coastal plain are
typically groundwater driven, and rarely flooded for extended periods; however near-
surface saturation generally occurs for a least a portion of the growing season and often
persists for most of the year (Noble et al 2007). Wetlands receiving discharge from
regional groundwater systems may benefit from a relatively stable water source, which

may maintain wetland hydrology despite other changes in precipitation, run-off, or basin
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hydrology (Winter 2000). However, even small changes in the water budget of shallow
groundwater systems can result in substantial shifts in surface hydrology and
groundwater discharge (i.e., increasing stormflow runoff or decreasing critical baseflow
to receiving streams and wetlands; Callahan et al 2017).

Changes in wetland hydrology have been linked to decreased species richness, the
loss of sensitive species, and an increase in non-native/invasive species (Wilcox 1995;
Ehrenfeld 2000). Shifting hydrologic regimes can also cause a corresponding shift in
plant zonation, such as the loss or invasion of woody species due to draining or flooding
(U.S. EPA 2002). Facultative and upland species may replace wetland vegetation as
changes in land use lead to enhanced drainage or lowered groundwater levels (Havens et
al 2006; Barksdale and Anderson 2015). Conversely, increased inundation and/or
saturation may lead to increase in obligate wetland species.

The hydrology of headwater wetlands is also threatened by a number of climate
change stressors, which may act to enhance or mitigate the effects of land use change on
local hydrology. Rising temperatures and increased evapotranspiration coupled with
altered precipitation patterns, may lead to shorter periods of inundation and decreased
soil saturation in headwater wetlands (Mulholland et al 1997; Brooks 2009). Direct
transpiration from shallow water tables in the coastal plain may also lower water tables,
further increasing the vulnerability of groundwater-driven wetlands to climate and land
use change (Winter 2000). Headwater wetlands located in coastal areas, particularly those
located directly upstream of tidal wetlands, are also vulnerable to sea level rise, through
increased inundation, exposure to storm surge, and saltwater intrusion (Conner and Day

Jr. 1988; Williams et al 1999; Kirwan et al 2007).
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Given the continued loss of forested wetlands in the coastal plain of Virginia
(Tiner et al 2005), understanding the influence of land use, and potential interactions with
climate stressors, on the composition and structure of headwater wetlands is of growing
importance. In this study, twenty-one forested headwater wetlands in the lower York
River watershed, Virginia were surveyed to evaluate the relationship between land use
and the plant community composition of headwater wetlands in the coastal plain of
Virginia. The objectives of this study were to (1) provide a quantitative assessment of
community composition and structure within a narrow range of geomorphic and
environmental gradients; (2) evaluate the hydrologic regime of the plant community
through an assessment of stem density, basal area, and wetland indicator status; and (3)
test for differences in hydrophytic community composition between sites with respect to

basin topography and local land cover conditions.

METHODS
Terminology

A wide range of terminology is often used to describe sampling in freshwater
forested wetlands and headwater systems. In this study, | refer to the following terms.
Headwater wetlands are defined as wetlands that intersect a first- or second-order (i.e.,
headwater) stream. The headwater wetlands sampled in this study are freshwater forested
wetlands, frequently referred as bottomland hardwood swamps in the southeast and
southcentral United States. While bottomland hardwood swamps are generally non-tidal,
for this study | selected tidally-connected wetlands, meaning they form a nexus to

downstream navigable tidal waters, and eventually transition to tidal-freshwater wetlands.
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Watershed refers to the drainage area of a specific river system (i.e., the York River
watershed), and basin describes the smaller drainage area of headwater streams and
wetlands. Communities refer to the mixture of tree and shrub species within a 400 m? plot
at each site, and local area refers the surrounding area within 1000 m from the center of

the plot.

Study area and design

In this study | evaluated the community composition, local land cover, and basin
geomorphology of 21 forested headwater wetlands within the lower York River
watershed, VA (Figure 1). Located in the inner coastal plain of Virginia, the lower York
River watershed is approximately 75,000 ha, extending from the union of the Mattaponi
and Pamunkey rivers to the mouth of the York River estuary on western side of the
Chesapeake Bay. The watershed is largely forested (47%), with smaller amounts of
agricultural (7%) and developed impervious (4%) land covers (Virginia Geographic
Information Network (VGIN) 2016). The topography is generally low gradient, with
most surface elevations ranging from 0-30 m, though elevations may be as high as 70 m
in some locations (U.S. Geological Survey (USGS) 2017a).

The climate of this region is humid temperate, with hot summers and relatively
mild winters (Holdridge 1967). Average annual precipitation in the coastal plain is
approximately 120 cm per year, with substantial evapotranspiration, about 61 cm per year
(Leahy and Martin 1993). While precipitation is fairly evenly distributed throughout the
year, seasonal changes in evapotranspiration drive trends in basin hydrology; stream

discharge is generally highest in the winter when evapotranspiration is low, and lowest in
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the summer when high evapotranspiration causes a drawdown of the water table.
However, extreme events such as nor’easters in the winter and hurricanes in late
summer/fall occasionally cause a rapid and substantial increase in streamflow over short
periods of time. Headwater wetlands in the coastal plain are typically-groundwater-
driven, though their hydrology is often secondarily influenced by precipitation, and may
also be influenced by overbank flooding where they intergrade with riverine wetlands
associated with stream channels (Noble et al 2007).

Forested headwater wetlands were identified from the National Wetlands
Inventory (NWI; U.S. Fish and Wildlife Service (USFWS) 2014) as all palustrine
forested (PFO) wetlands that intersect a first- or second-order stream as indicated by the
National Hydrography Dataset (NHD; U.S. Geological Survey (USGS) 2017b). A total of
2,797 ha of headwater wetlands were identified within the study area. A spatially
balanced, random sample of study sites was selected from all identified headwater
wetlands through a Generalized Random Tessellation Stratified (GRTS) sampling design.
The GRTS procedure allows for replacement of non-response or inaccessible sites, while
maintaining a spatially-balanced, random sample. Sites were selected from all headwater
wetlands in the lower York River watershed using the spsurvey package (Kincaid and
Olsen 2018) in R (R Core Team 2018). From the initial group of selected sites (n = 50), |
obtained permission to access 13 sites. Due to difficulty obtaining landowner permission
for site access, an additional 8 sites sampled in a previous study of the same watershed

were also included in the analysis (Bilkovic et al 2017).
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Basin geomorphology and land cover

Basin boundaries for all 21 headwater wetlands were derived from the National
Elevation Dataset (NED) 1/3 arc second rasters (USGS 2017a) using the Hydrology
toolset from the Spatial Analyst toolbox in ArcMap 10.0 (ESRI 2011). To derive the
corresponding basins for each headwater wetland, the downstream-most point of each
wetland was defined as the “pour point”, or outlet, for each headwater basin. The DEM
was then hydrologically conditioned by filling cells of internal drainage (i.e., sinks) to
properly model the expected movement of water across the landscape, and basin
boundaries were derived by delineating all DEM cells that flowed into the selected pour
points.

Metrics of basin geomorphology (Table 1), including basin area, length, and relief
were derived from the delineated basin boundaries. Basin area was calculated directly
from the basin polygons. Basin length was calculated as the length of each basin’s
minimum bounding geometry parallel to the intersecting headwater stream (i.e., direction
of flow). Relief was calculated as the maximum difference in elevation between the
highest and lowest points within the watershed. The total stream length within each basin
and distance from the basin pour point to the shoreline of the York River (Comprehensive
Coastal Inventory Program, VIMS 2018) was also calculated for each headwater basin.

Additional metrics were derived from these variables to describe potential
differences in the transport and delivery of water and sediment among basins. Drainage
density was calculated as stream length divided by basin area (Horton 1945). Relief ratio
was calculated as total relief divided by basin length, and ruggedness was calculated as

the product of relief and drainage density (Strahler 1964). Larger values of these metrics
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(drainage density, relief ratio, and ruggedness) suggest greater and quicker transport of
water and sediment (Farhan 2017). Since the basins were not gauged, stream power (the
product of discharge and slope) could not be directly calculated (Bull 1979). Instead,
relative stream power was indirectly calculated as basin area multiplied by its relief ratio,
such that larger values indicate greater energy available to transport water and sediment
(Engelhardt et al 2012). Since basin shape can also influence the duration and intensity of
transport, basin length and area were compared to derive an index of basin shape (i.e.,
form factor) (Horton 1945). Smaller values of the basin form factor (< 0.45) indicate
more elongated basins, which may experience a slower but more sustained response to
precipitation events (Farhan 2017).

Percent land cover and road density were also summarized within each basin as
well as a 1000 m buffer of the study site. Percent forested, agricultural (pasture + row
crop), wetland, and impervious surface area were calculated from the Virginia Landcover
Dataset (1 m resolution; VGIN 2016). Road density (m?/ha) was calculated from
TIGER/Line Shapefiles (US. Census Bureau 2017). All metrics of basin geomorphology

and land cover were derived in ArcMap 10.0 (ESRI 2011).

Headwater wetland structure and community composition

Field surveys of community composition and structure were conducted on all
selected headwater wetlands. All 21 sites were surveyed from June-September, with 8
sites in 2015 and 13 sites in 2018. None of the sampled sites showed evidence of recent
human alteration such as logging or channelization, though some sites exhibited evidence

of stream incision and downstream culverts. At each site, a 400 m? (0.1 acres) plot was
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randomly located within an area of relatively homogenous, mature forest. Each plot was
established parallel to the stream channel, typically 25 m long x 16 m wide. If the
wetland was narrower than 16 m, the plot dimensions were adjusted to maintain a plot of
equal area (400 m?) completely within the wetland.

In each plot, all trees and shrubs at least 1.4 m tall were identified to species,
excluding Fraxinus L., which were only identified to genus due to the absence of samaras
necessary for positive identification. Diameter at breast height (DBH) was measured 1.4
m above the ground (or buttress) and recorded to the nearest 0.1 cm for all canopy trees
(DBH > 7.6 cm). Following standard forest inventory techniques, multi-stemmed trees
were inventoried as separate individuals if the boles split below breast height (USDA,
Forest Service 2015). Species counts and diameter measurements were used to calculate
the density (stems ha™') and basal area (m? ha™') of canopy species per plot. These data
were converted to relative density and dominance, then averaged to calculate species
importance values (V) for each plot canopy. The use of IV eliminates the need to
transform values of species density and/or basal area, because the data are already
standardized, ranging from 0-100 (maximum IV = 100) for each plot.

Woody species < 7.6 cm DBH were classified as saplings (i.e., juveniles of
potential canopy trees) or subcanopy (i.e. shrubs and trees restricted to the understory at
maturity), and analyzed separately due to differences in understory dynamics represented
by each of these life-forms (Rheinhardt 1992a; Rheinhardt et al 2000). To avoid
overrepresentation of certain shrub species, multi-stemmed shrubs were only inventoried
as individuals if the stems split less than 40 cm above ground; splits above 40 cm were

considered branches (Duberstein et al 2014). Absolute densities of sapling and subcanopy
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species were converted to relative densities based on the total density of each respective
life-form. The diversity of each stratum (canopy, sapling, and subcanopy) was also
characterized by the Shannon diversity index (H’), which accounts for both the

abundance and evenness of species (Jgrgensen et al 2016).

Hydrophytic vegetation occurrence

An index of hydrophytic vegetation occurrence, the wetland prevalence index
(P1), was calculated for all three strata (canopy, sapling, and subcanopy) based on the
abundance and wetland indicator status of observed species in each stratum (obligate
[OBL], facultative wetland [FACW], facultative [FAC], facultative upland [FACU], and
upland [UPL]) (Lichvar 2012). To calculate the PI, a hydrophytic index score was
assigned to each wetland indicator status: OBL = 1, FACW =2, FAC = 3, FACU =4,
and UPL = 5, without adjustment for +/- designations (Wentworth et al 1988). Species
abundance was multiplied by its hydrophytic index score, then averaged to calculate the
wetland PI per stratum. The PI describes which indicator-class of species is predominant,
on average, such that lower values correspond to a greater abundance of hydrophytic
vegetation (De Steven 2015). The prevalence index was calculated separately for each

stratum as:

Pl = % (Equation 1)

where, A; is the abundance of species i; and W; is the wetland indicator status value for
each species i.
To quantify potential shifts in hydrophytic vegetation occurrence between canopy

and sapling species, a sapling to canopy indicator ratio was applied to compare the
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derived sapling and canopy prevalence indices (Havens et al 2018). Assuming the canopy
stratum represents past hydrologic conditions and the sapling stratum represents current
hydrologic conditions as well as future canopy composition, this ratio indicates if the tree
community composition of a site is shifting towards wetter (i.e., wetland) or drier (i.e.,

upland) species. The prevalence index ratio was calculated for each site as:

Pliatio = —sapling (Equation 2)

Plcanopy

where, Plsqping IS the prevalence index of the sapling stratum; and Pl;gy0py IS the
Pl.anopy is the prevalence index of the canopy stratum.

Based on the PI ratio sites were then classified as shifting towards wetter species
(PLgeio < 0.95), drier species (Pl..;, > 1.05), or no discernible change in hydrophytic

vegetation occurrence (PI,,.;, = 1.0 £ 0.05).

Statistical Analysis

Data were analyzed in R (R Core Team 2018) to test for relationships between
basin geomorphology and land use on the forest community composition and structure of
headwater wetlands. All variables were tested for normality and equal variance using the
Shapiro-Wilk and Bartlett’s tests. Several variables were either square-root or log
transformed to meet parametric statistical test assumptions of normality and
approximately equal variance. Figures were produced using the R packages ggplot2
(Wickham 2009) and factoextra (Kassambara and Mundt 2017).

The effect of basin geomorphology and land cover on shifts in community
composition was analyzed by grouping sites based on the observed shift in hydrophytic

community composition between the canopy and sapling stratum, as indicated by the
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Plratio (Equation 2). Two-sided Welch’s t-tests were applied to test for differences in basin
geomorphology and land use between sites shifting towards wetter and drier species.
One-way ANOVA were applied to also test for differences between all groups (e.g.,
shifting wetter, shifting drier, no change, and sites without saplings). Tukey-Kramer post
hoc comparisons were conducted for all variables found to be significant.

Given the inherent multicollinearity typically associated with land cover data
(King et al 2005), a principal component analysis (PCA) was also applied to derive
independent variables (i.e., principal components) to assess changes in community
composition and structure with respect to land cover, in place of the original land cover
variables (Dormann et al 2013). Relationships between the principal components and
wetland variables were examined with scatterplots and tested for significance through

regression analysis. Statistical significance of all tests was set at p < 0.05.

Analysis of Sites without Saplings

The prevalence index (PI) and Plraio could not be calculated for two sites due to a
lack of saplings. Given the likelihood that saplings were absent at these sites due to
increased soil saturation and inundation (e.g., Clark 1986; Conner and Day Jr. 1988), the
sapling stratum of sites without saplings was set as equal to two (i.e., facultative wetland)
for further analysis of community composition. T-test, ANOVA, and PCA results are
provided for both the original analysis (excluding sites without saplings from the shifting
wetter/drier classification) and the modified PI (including sites without saplings in the
shifting wetter/drier classification, assuming a sapling Pl = 2). In the same regard, the

shrub stratum was also assigned a P of two, where shrub species were absent (n =1).
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RESULTS
Basin geomorphology and land cover

Headwater basins were representative of the study area, with a mean (+ SD) area
of 57.5 + 64.3 ha. Mean wetland size was 2.0 = 1.7 ha with a mean basin: wetland area
ratio of 4.5 + 2.5 (Table 2). Basins ranged in length from 0.43 — 2.96 km, with a mean
form factor of 0.35 £ 0.08, indicating a slightly elongated shape in most basins (Table 3).
Most basins were relatively flat with a mean relief ratio of 23.6 £ 12.2 and relative stream
power 0.01 + 0.01 km?. Drainage density and the ruggedness were also relatively low, as
expected for the coastal plain, with a mean drainage density of 1.95 + 1.53 km km and
ruggedness number of 0.05 + 0.04, suggesting relatively slow transport of water and
materials in the study basins. Most headwater sites were less than 1 km from the York
River shoreline, with a mean distance of 0.8 £ 1.1 km (range: 0.1 - 4.3 km).

As is typical in the York River watershed, most basins were heavily forested with
a mean forest cover of 73.9 £ 22.9% (Table 2). While forest cover was as low as 12% in
some basins, the total forest cover was greater than 50% in all but two basins. Excluding
one primarily agricultural basin, agriculture and impervious surface area generally
comprised far less land cover within the study basins. Mean agricultural land cover was
10.3 + 18.5% (range: 0 - 78.0%) and mean impervious cover was 3.5 + 2.9% (range: O -
10.4%). Basins with large percentages of land cover other than forested, agricultural, and
impervious were generally composed of developed green spaces such as lawns and
landscaping as well as natural herbaceous vegetation and undeveloped land. Trends in
basin road density were similar to impervious cover, with low road density in low

impervious basins and vice versa. Mean basin road density was 33.8 (+ 22.1) m ha* and
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excluding one basin with extremely high road density (100.87 m ha*) and two basins
without any roads, road density was evenly distributed from 12.0 —57.0 m ha™.

Local land cover (i.e., percent land cover within a 1000 m buffer of the study site)
was similar to the basin land cover with a mean (+ SD) forest cover 61.2 + 17.1%,
agricultural cover of 10.4 + 11.4%, and impervious cover of 3.4 + 2.8% (Table 2). Mean
local road density was 33.3 + 17.3 m ha™. Areas with large percentages of other land
cover types were generally composed of herbaceous vegetation, as well as wetlands and
open water. Trends in local land cover were generally similar to basin land cover for most
sites, though there were deviations at a few sites, primarily with respect to agricultural

cover.

Headwater wetland composition
Species composition varied across study sites, with 31 individual species

identified across all strata within the 21 surveyed headwater wetlands.

Canopy

Sixteen canopy species were identified within the sampled headwater wetland
sites (Table 4). The most frequently observed species were Acer rubrum (red maple),
Fraxinus spp. (ash), Nyssa sylvatica (black gum) and Ulmus americana (American elm),
which each species occurring in nearly half or more of all sites. Liquidambar styraciflua
(American sweetgum), Liriodendron tulipifera (yellow poplar), Platanus occidentalis
(American sycamore) were also fairly common and were found in about 20-30% of the

sampled sites. Based on mean Vs of the most commonly observed canopy species, the
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dominant tree species included red maple, ash, and American sweetgum (Table 6).
Although Carya glabra (pignut hickory) and Pinus taeda (Loblolly pine) were only

observed at a few sites, these tree species were also dominant where found.

Sapling

Thirteen sapling species were identified in the understory stratum, all of which
were also found in the canopy stratum (Table 7). The most frequently observed sapling
species were ash, red maple, American beech and American sweetgum. While all
frequently observed species were often fairly abundant where encountered, ash was the
most prevalent sapling species, occurring in more than half of the surveyed sites and
often comprising at least 50% of the site’s saplings. Less frequently observed species
including Nyssa sylvatica (black gum), Diospryos virginiana (common persimmon),
Juniperus virginiana (red cedar), and Lirodendron tulipifera (yellow poplar) were also
fairly abundant where present, with a relative density > 20% at more than half of the sites
where observed. Two sites did not have any saplings, and saplings of three observed
canopy species, Cary ovata (shagbark hickory), Quercus phellos (willow oak), and Salix

nigra (black willow), were not encountered at any site.
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Subcanopy

A total of fifteen subcanopy species were identified within the sampled headwater
wetland sites (Table 8). The three most commonly encountered species were llex opaca
(American holly; 71% of sites), Carpinus caroliniana (ironwood; 67% of sites), and
Asimina triloba (pawpaw; 43% of sites). Both ironwood and pawpaw were often
dominant, with relative densities greater than 50% are more than 30% of the sites where
found. While American holly was found at a large number of sites, its relative density
was often much lower than other frequently encountered subcanopy species. Other
commonly observed subcanopy species (> 20% of sites) included Lindera benzoin
(spicebush), Cornus amomum (silky dogwood), Morella cerifera (wax myrtle) and
Vaccinium corymbosum (highbush blueberry). With the exception of highbush blueberry,
when encountered these four species were often relatively abundant (relative density >
20%). Other subcanopy species encountered somewhat frequently (10-15% of sites)
included Kalmia latifolia (mountain laurel), Clethera alnifolia (sweet pepperbush),
Cornus florida (flowering dogwood), Lyonia ligustrina (maleberry), and Magnolia
virginiana (sweetbay); however, these species were rarely abundant. The subcanopy was

relatively dense at most sites, and only one site did not have any subcanopy species.

Prevalence Index

The prevalence index (P1) was fairly consistent was among strata and indicative
of a mix of FACW and FAC vegetation, with a mean (+ SE) of 2.9 £ 0.3, 2.8 £ 0.5, and
2.8 + 0.4 for the canopy, sapling, and subcanopy strata respectively (Table 9). The

determination of hydrophytic vegetation (Wakeley et al 2010) was met for all strata at
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48% of sites, and at least two strata at 90% of sites. The P1 was greater than 3.0 (i.e., not
hydrophytic) for canopy species at 4 sites, sapling species at 5 sites, and subcanopy
species at 3 sites. At only one site, did more than two strata fail to meet the hydrophytic
classification threshold (site 3, canopy and sapling). Based on the PI ratio between
sapling and canopy species, nine sites were classified as shifting towards wetter species
(Plratio < 0.95), five sites were classified as shifting towards drier species (Plratio > 1.05),
five sites were classified as “no change” (Plraio = 1.0 £ 0.05; Table 9), and two sites were
classified as “no saplings”. After adjusting the PI of sapling stratum without saplings to
facultative wetland (P1 = 2), the modified Pltio indicated that eleven sites were shifting

towards wetter species.

Analysis of community composition
T-test

Welch’s two-sample t-tests were conducted to compare differences in landcover
and basin geomorphology between wetter and drier sites (Table 10). A significant
difference between groups was only detected for local road density (p = 0.02) and basin
percent agricultural land cover (p = 0.04). Sites shifting towards drier species tended to
have a greater local road density, while sites shifting towards wetter species tended to
have a higher percent of basin agriculture, suggesting opposing influences of urban and
agricultural development on changes in community composition. Although not
statistically significant, drier sites also tended to have a higher percent of local
impervious cover (p = 0.3) and a lower percent of local agricultural cover (p = 0.07). T-

tests based on the modified PI (i.e., strata without saplings classified as facultative
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wetland) followed the same trends as the initial t-tests, but with stronger statistical
significance for each variable (local road density, p = 0.01; local agricultural cover, p =

0.02, and percent basin agricultural land cover, p = 0.03).

ANOVA

One-way ANOVAs were also conducted to test for differences between all of the
observed classes of hydrophytic condition (wetter, drier, no sapling, and no change). The
initial ANOVA tests on all four categories revealed statistically significant differences
between groups with respect to local road density (p = 0.01, Table 11). Tukey-Kramer
pairwise comparisons indicated that drier sites had higher road density than wetter sites
(p = 0.05) and no change sites (p < 0.01; Figure 2). ANOVA tests also indicated potential
differences with respect to basin drainage density, though the probability was not
statistically significant (p = 0.08).

ANOVA tests based on the modified Plratio With only three classes of hydrophytic
conditions (wetter/no sapling, drier, and no change) revealed the same trends as the initial
four category analysis, but with stronger statistical significance (local road density, p <
0.01; drainage density, p = 0.03). Tukey-Kramer pairwise comparisons of drainage
density, based on the merged wetter/no sapling category, also suggests that drier sites
have a significantly higher basin drainage density than wetter sites (p = 0.03; Figure 4).
The wetter/no sapling combined ANOVA also indicated additional significant variables,
including local forest cover (p = 0.04), basin relief ratio (p = 0.05), and basin ruggedness
(p =0.03) (Table 11). Tukey-Kramer pairwise comparisons of these variables suggest

that wetter sites have lower local forest cover (p = 0.03; Figure 2) as well as less relief (p
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= 0.04) and ruggedness (p = 0.04; Figure 5) than no change sites. However, there were no
significant differences between wetter and drier sites for these variables.

None of the tests revealed any statistically significant differences between
distance to the river shoreline and shifts in community composition towards wetter or
drier species. Although wetter sites were, on average, closer to the shoreline than drier
sites, and no change sites were closest to the shoreline (Figure 5), this had no notable
effect on shifts in community composition. Any potential effect of distance to shoreline
on shifts in community composition, may have been dampened by other variables with a

greater influence on the hydrophytic conditions of a site (i.e., local land cover or basin

topography).

Principal Component Analysis

Due to inherent collinearity associated with land cover data, a principal
component analysis (PCA) was applied to generate independent variables (i.e., principal
components) that best explain the variance within percent forested, agricultural, and
impervious cover between sites. Additional metrics of basin geomorphology were also
examined for inclusion in the PCA. However, variable scores and the percent cumulative
variation explained by the first two principal components indicated that a PCA based
only on local land cover best explained site variability. Additional topographic variables
were not included as they provided no substantial improvement in the overall explanation
of variance or interpretation, and generally decreased the percent variance explained by
the first two principal components. More than 90% of the variance in the data were

explained by the first two dimensions of the final principal component analysis; 52% of
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the variability was explained by principal component 1 (PC1) and 39% was explained by
principal component 2 (PC2) (Table 12). Nearly all of the individual sites were well
represented by PC1 and PC2, with all but one site exceeding an acceptable representation
threshold (cos?, max=1) of 0.5 (Husson et al 2017), and more than 80% percent of sites
exceeding a representation threshold of 0.8 (Table 13).

Based on the principal component loadings (i.e., correlation coefficients), PC1
was positively correlated with agriculture and road density, but negatively correlated with
forested land cover (Table 12). PC2 was also positively correlated with agriculture, but
negatively correlated with road density. There was no meaningful correlation between
PC2 and forest cover. All together, these correlations suggest that PC1 distinguishes
between natural and disturbed land covers, describing a mixed land use of increasing
agriculture and development. Whereas PC2 further differentiates between these disturbed
land covers, characterizing more agricultural vs. urban/suburban development.

A biplot of the variable loadings and individual sites, classified by hydrophytic
condition (i.e., shifting wetter, shifting drier, or no change), reveals trends in community
composition at headwater wetland sites with respect to their surrounding land use (Figure
6). Although there is a fair amount of overlap between clusters, there is a distinct trend in
the direction of clustering in relation to the PCA dimensions and individual variables.
Sites with no change in community composition are dominated by forested land cover,
while sites that are shifting towards a wetter community composition have greater
agricultural land cover, and sites shifting towards a drier community composition have

higher surrounding road density. This suggests that PC1 (forested vs. disturbed iand
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cover) distinguishes change vs. no change sites, and PC2 (agricultural vs. developed)
distinguishes the type of change (i.e., wetter or drier) typically observed at a site.

Regressions of community composition and structure against the principal
components revealed different relationships between the strata with respect to land cover.
Canopy metrics were correlated with PC1, while sapling and subcanopy metrics were
correlated with PC2, suggesting that the composition and structure of canopy and
understory strata are influenced by different spatial and temporal conditions (Table 14).
Canopy density was negatively correlated with PC1 (mixed agricultural and developed
land use; p = 0.03), suggesting that headwater wetlands in forested areas have greater
canopy stem density than sites located in more disturbed areas (Fig 7). Subcanopy density
was negatively correlated with PC2 (p = 0.01), indicating that headwater sites in
agricultural areas have decreasing subcanopy density and compared to more developed
areas (Fig7). No additional metrics of community structure (i.e., mean diameter, basal
area, and diversity) were significantly correlated to either PC1 or PC2.

Unlike the canopy and subcanopy strata, none of the metrics of sapling structure
were significantly correlated to either PC1 or PC2 (Table 14). However, there was a
highly significant relationship between PC2 and the sapling Pl (p < 0.01) as well as the
sapling: canopy PI ratio (p < 0.01; Figure 7). Both Pl metrics were negatively correlated
with PC2, whether or not sites without saplings were included in the analysis. However,
including sites without saplings, by assigning a Pl = 2 to represent facultative wetland
type species in the sapling stratum, increased the significance of both metrics. This
suggests that while there while may not be a significant difference in sapling structure

between sites, there is a difference in community composition, with saplings in
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agricultural areas having a lower PI (i.e., more wetland type species) and saplings in
developed areas have a higher PI (i.e., more upland type species).

Canopy PI1 was not significantly correlated with either principal component (Table
14). This suggests that hydrophytic changes in community composition with respect to
land cover is either a recent trend, or that current land cover does not reflect the land use
conditions at the time when the current canopy species were becoming established.
Nonetheless, the sapling: canopy Pl ratio indicates that the community composition of
wetland sites is changing, and this change is correlated with surrounding land use. Given
the wider range of sapling Pls and its significant correlation to PC2, it appears that

sapling composition is driving these shifts in community composition.

DISCUSSION

The primary objective of this study was to evaluate trends in the structure and
plant community composition of forested headwater wetlands, with respect to land cover
and basin geomorphology in the lower York River watershed, VA. Given the well-
documented impacts of upland land use change on wetland hydrology (Ehrenfeld 2000;
Faulkner 2004; Blann et al 2009), spatial and temporal differences in the hydrologic
regime of headwater wetlands were expected. Absent long-term hydrologic monitoring
data, potential differences in headwater wetland hydrology were evaluated through an
index of hydrophytic vegetation occurrence, the wetland prevalence index (P1). Previous
studies have highlighted the difficulty of identifying consistent patterns of community
composition in headwater wetlands, even between similar sites within a single watershed,

due to the substantial variability of species composition in freshwater forested wetlands
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(Morley and Calhoun 2009). Reducing species types to their wetland indicator status
(e.g., FACW, FAC, FACU) or prevalence index (PI) focuses this analysis on the
hydrologic condition of headwater wetland communities. This removes additional
variability in community composition, which may otherwise obscure important
relationships between basin conditions and site hydrology, as reflected by changes in the
community composition.

It is well established that hydroperiod is one of the most important factors
influencing the growth and composition of wetland vegetation (Mitsch and Gosselink
2015). Even small differences in water table depth have been shown to result in
significant differences in the structure and composition of herbaceous and woody species
(Conner and Day 1976; Wharton et al 1982; Rheinhardt and Hershner 1992; Bledsoe and
Shear 2000; Darst and Light 2008). While the composition of annual herbaceous species
is sensitive to short term annual and seasonal trends in hydrology (i.e., a particularly wet
or dry year), the composition of longer-lived trees and shrubs is driven by the hydrologic
conditions experienced over multiple decades (Conner et al 2007). However, once
established, wetland trees may persist for many years under conditions no longer suitable
to the recruitment or establishment of new saplings (Williams et al 1999). Therefore, the
community composition of canopy and sapling strata may reflect different timeframes of
site hydrology. Using the canopy stratum as an indicator of past conditions and the
sapling stratum as an indicator of average current conditions, differences in the
prevalence index between strata was evaluated as a metric of changing hydrologic

conditions at the surveyed headwater wetland sites.

93



Although the mean P1 was fairly consistent among strata, there was a greater
range in the strata P1 for saplings (range: 2.0-4.0) as compared to canopy species (range:
2.4-3.8). This may indicate that in the past, there was less inter-site variability in the
hydrologic condition among headwater wetlands in the York River watershed, but that

current conditions have led to both drier and wetter extremes in local hydrology.

Surface Topography

The plant community composition of forested wetlands is influenced by multiple
spatial and environmental gradients (Zogg and Barnes 1995; Lyon and Sagers 2003;
Goebel et al 2006). By limiting study sites to similar landscape positions within a single
watershed, additional environmental influences on community composition were
constrained to a narrow range of environmental gradients. Given the intended similarity
of basin geomorphology between study sites, it is not surprising that there were no
significant differences in the prevalence index (PI) for most metrics of surface
topography. Only drainage density and ruggedness were significantly correlated with
hydrologic shifts in community composition; the mean drainage density and ruggedness
were greater in sites shifting towards drier species (Table 11). These observed shifts in
community composition may reflect differences in baseflow driven by surface
topography.

Drainage density has frequently been shown to be negatively correlated with
baseflow (Gregory and Walling 1968; Marani et al 2001; Freeman et al 2007). In basins
with higher drainage density, there is greater interaction between subsurface storage and

stream channels, which may enhance water removal during dry times of the year (Price
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2011). Thus, wetlands located in basins with greater drainage density may be more
vulnerable to changes in baseflow driven by rising temperatures and longer periods of
drought, resulting in drier conditions and a shift towards more upland type species.
However, it is unlikely that these metrics of basin topography are the sole driver of
changes in community composition, but rather that topography may mitigate or
exacerbate the effects of other climate and land use changes that also influence the

hydrologic regime of headwater wetlands.

Land Cover

Shifts in wetland vegetation, as indicated with the prevalence index, were related
to basin and local land cover conditions. Headwater sites with no substantial change in
the prevalence index (i.e., average species wetness) tended to have the greatest local
forest cover, and sites shifting towards wetter or drier sapling species were in less
forested areas with greater agricultural cover and/or road density. The direction of change
in community composition (i.e., wetter or drier) was related to the type of land use, such
that sites shifting towards wetter species have greater local agricultural cover and sites
shifting towards drier species have greater road density. All together these results suggest
that forested areas may act as a buffer to protect headwater wetlands from land use and/or
climate driven changes in basin hydrology, but wetlands in more altered (i.e., less
forested) areas may be more susceptible to shifts in hydrologic regime, and that those
shifts may vary depending on the type of local land use.

Additionally, the structure of the canopy and subcanopy strata may respond to

different spatial and temporal scales and/or attributes of local land use. While canopy
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density was greater in more forested areas with less agricultural or developed land use,
subcanopy density was greater in more urban/suburban developed vs. agricultural areas.
Decreased tree density in wetland and riparian areas has frequently been linked to forest
fragmentation in surrounding areas (Collier et al 2002; Mitchell et al 2011; Greene 2012).
Previous studies have attributed decreasing canopy density in headwater wetlands to an
increase in invasive species following forest fragmentation (Barksdale and Anderson
2015); however there was no substantial evidence of invasive tree or shrub species at any
sites. The low invasive cover at these sites may be a result of the relatively high forest
cover throughout the study area, which may act as a barrier to inhibit the spread of
invasive species (Houlahan et al 2006). The observed decrease in the stem density, may
instead be a result of hydrologic differences between headwater sites.

In a more than 10-year study of community structure and mortality in forested
wetlands, Conner et al. (2002) found that hydrologically-altered, forested wetlands
experiencing an increase in flood frequency exhibit greater tree mortality and declines in
stem density, than sites without changes in hydrology. Thus, the observed decrease in
canopy stem density along non-forested/converted land cover (PC1), may be a result of
increasing flood frequency (or drought) exacerbated by upland development, rather than a
direct result of forest fragmentation and/or competition by invasive species.

Following tree mortality and a decline in canopy stem density, Conner et al.
(2002) also observed rapid establishment of seedlings to fill gaps in the canopy. If
saplings and subcanopy species were becoming established within canopy openings
created by a decline in canopy stem density, | would also expect to find a positive

correlation between sapling/subcanopy density and non-forested/converted land cover.
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However, neither strata had a significant relationship with PC1, suggesting that other
factors may also be influencing recruitment at the surveyed headwater sites. In fact, the
negative correlation between subcanopy stem density and converted, agricultural land
cover (PC2) indicates that given decreased forest cover, subcanopy stem density
recruitment is highest at sites with greater road density, and lowest at sites with greater
agricultural cover. The lack of relationship between PC1 and sapling/subcanopy density
may be a result of the differing response of stem density between headwater sites located

in agricultural vs. developed areas.

Road Density and Impervious Land Cover

Both urban and agricultural land uses have been shown to drive changes in
wetland hydrology that may in part explain the trends in community composition
observed at the sampled headwater wetlands sites. As watersheds are converted to non-
forested land covers, such as for urban/suburban and agricultural uses, the hydrology of
receiving streams and wetlands often becomes increasingly influenced by surface runoff,
with decreased groundwater recharge (Ehrenfeld et al 2003; Walsh et al 2005; Blann et al
2009). In particular, previous studies of wetland hydrology in altered landscapes have
found that wetlands with higher levels of hydrologic disturbance or basin land use
change, tend to be drier than unaltered sites (Ehrenfeld et al 2003; Barksdale et al 2014).
Referring to this phenomenon as a riparian “hydrologic drought”, Groffman et al. (2003)
described how changes in hydrology associated with urbanization, specifically reduced
infiltration by impervious surfaces and stream incision, can reduce riparian groundwater

levels. This local drawdown of the water table can hydrologically isolate riparian
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vegetation and precipitate a shift in plant community composition from hydric to non-
hydric species (Gold et al 2001).

It is plausible that a similar “hydrologic drought”, as a result of increasing
development, is driving the observed shifts in community composition towards more
upland type species at sites with decreased forest cover and increased road density. In a
previous study of headwater wetlands, also in the coastal plain of Virginia, Havens et al.
(2006) reported a similar shift in community composition towards more upland type
species, presumably due to a lowering of the water table driven by stream incision and
developed land use. Similar shifts in the community composition of forested headwater
wetlands correlated with forested land cover and conversion have also been reported in
coastal Alabama (Barksdale and Anderson 2015), as well as more general shifts in forest
composition due to hydrologic change along the Apalachicola River floodplain, Florida
(Darst and Light 2008). In addition to shifts in community composition towards more
upland type species, Barksdale and Anderson (2014) also found evidence of increased
soil chroma in converted (i.e., less forested) watersheds of headwater-slope wetlands in
coastal Alabama, providing further evidence that wetlands in developed areas experience

less flooding and soil saturation than headwater wetlands in forested watersheds

Agricultural Land Cover

Although previous research on the impacts of land use change on the dynamics of
basin and wetland hydrology suggests that urban/suburban and agricultural development
may have similar impacts on the hydrologic regime and community composition of

headwater wetlands (Barksdale and Anderson 2015), in this study | found different
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relationships of community composition and structure between sites located in developed
vs. agricultural areas. Headwater wetland sites in more developed areas exhibited
changes in community composition and structure that would be expected from sites
experiencing a local drawdown of the water table and forest fragmentation, specifically a
shift towards more upland-type species as well as a decrease in canopy stem density.
However, headwater sites with a greater proportion of local agricultural cover exhibited
alternate changes in community composition and structure, including a shift towards
more wetland-type species, as well as a decrease in canopy and subcanopy stem density.

While agricultural land uses can have many of same impacts on wetland
hydrology as urban/suburban land uses (i.e., higher peak flows and lower baseflows),
there is generally greater variability in the hydrologic response (Blann et al 2009). In a
review of the effects land use and climate on baseflow hydrology in humid regions, Price
(2011) concluded that the baseflow response in agricultural regions can actually increase
or decrease depending on management practices. In particular, they suggest that in
watersheds with a long history of agricultural land use, modern improvements in
agricultural land use management, designed to increase infiltration and reduce runoff, can
lead to an increase in baseflow conditions.

Given the long history of intensive agriculture in the coastal plain of Virginia,
including the York River watershed, past agricultural practices likely contributed to a
historical local drawdown of the water table at headwater sites in predominantly
agricultural basins. The observed shift in community composition towards more wetland-

type species at sites with greater agricultural land cover may be a result of contemporary
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agricultural practices contributing to an increase in baseflow, and thus the inundation and

saturation of these headwater systems.

Sea Level Rise

In addition to the influence of topography and upland land use on wetland
hydrology, there is also substantial evidence to indicate that in coastal areas, sea level rise
is also driving shifts in the community composition and structure of forested wetlands
(Conner and Day Jr. 1988; Williams et al 1999; Kirwan et al 2007). The headwater
wetlands surveyed in this study were all tidally connected, meaning they formed a nexus
to downstream tidal waters, generally along a continuum from non-tidal forested wetland
to tidal freshwater and emergent wetlands. While tidal freshwater forested wetlands are
nearly always saturated due to their close connection with tidal water bodies (Conner et al
2007), non-tidal forested wetlands often experience period wetting and drying and may
exhibit strong season variations in response to periods of high sea level and low river
flow (Anderson and Lockaby 2011a).

These differences in hydrologic regime are often reflected by differences in
composition and structure of forested wetlands. For example, in a study of tidal
freshwater swamps in the nearby lower Pamunkey River, VA, Rheinhardt (1992b)
identified two distinct tidal swamp communities: a downriver ash-blackgum (Fraxinus
spp. — Nyssa sylvatica) community and an upriver maple-sweetgum (Acer rubrum —
Liquidambar styraciflua) community, similar to the headwater sites surveyed in this
study. These differences in community composition are likely controlled by differences

in root zone saturation between upriver and downriver sites (Rheinhardt 2007). Anderson
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and Lockaby (2011b) also identified substantial shifts in species composition between
tidal and non-tidal forested wetlands along the Apalachicola River, Florida, with only two
indicator species (bald cypress and red maple) occurring in both community groups. In
addition to differences in tree species composition, they also found differences in forest
structure between tidal and non-tidal forest communities and attributed this variability to
differences in the extent of inundation as well as saltwater exposure.

The boundary between tidal and non-tidal freshwater forested wetlands is highly
dynamic due to seasonal and long-term changes in river discharge and sea level, which
determine the extent of tidal influence (Anderson and Lockaby 2011b). As sea level rises,
the boundary between tidal and non-tidal freshwater forested wetlands may be pushed
further upstream, exposing previously non-tidal forested wetlands to more frequent
inundation and longer periods of soil saturation. Rising water levels and increased
flooding stress have also been linked to failure of tree regeneration throughout coastal
areas across the U.S. including the Gulf Coast (Williams et al 1999), Mississippi River
Delta (DeLaune et al 1987; Conner and Day Jr. 1988), East Coast (Clark 1986) and the
Chesapeake Bay (Kirwan et al 2007). In addition to increased inundation and soil
saturation, the observed shifts in community structure, particularly the loss of saplings
and decreased subcanopy density, may also be a function of increasing salinity stress due
to sea level rise (Williams et al 1999).

Furthermore, since the elevation of the water table is also controlled by mean sea
level through hydrostatic equilibrium at the shore, local groundwater levels are also
expected to rise with sea level (Nuttle and Portnoy 1992). Increases in coastal

groundwater levels proportional to the rate of sea level rise has been observed in
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Massachusetts (Masterson 2004), and sea level rise-driven groundwater inundation has
been modelled in coastal areas throughout the U.S (Rotzoll and Fletcher 2013; Hoover et
al 2017; Sukop et al 2018). Thus, sea level rise may drive increased soil saturation and
inundation in coastal headwater wetlands through more frequent tidal inundation as well
as rising groundwater levels. As sea level increases soil saturation of forested wetlands, it
is reasonable to expect a corresponding shift in community composition towards “wetter”
type species.

Using distance to the shoreline of the York River as a surrogate indicator for
increasing exposure to sea level rise, | also evaluated whether distance was correlated
with shifts in community composition. While it appears that sites shifting towards wetter
species may have a shorter average distance to shoreline (i.e., greater exposure to sea
level rise; Figure 5), there were no significant differences in distance to shoreline
between wetter, drier, and no change sites, though this is not entirely surprising. Given
their location at the upper reaches of coastal basins, the headwater sites surveyed in this
study may just be beginning to experience and respond to the effects of sea level rise on
soil saturation and chronic and/or episodic salinity intrusion. Furthermore, since changes
in community composition are often gradual, without detailed and long-term hydrologic
monitoring, it is challenging to link changes (if any) in community composition to the
effects of sea level rise. However, personal observations of standing dead trees at the tidal
boundary of several headwater wetlands in the York River study area provides anecdotal
evidence of sea-level rise driven conversion of these tidally connected, non-tidal forested

wetlands to tidal freshwater marshes.
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Possible Interactions between Land Cover and Sea Level

If changes in community composition were driven purely by increased flooding
and soil saturation due to sea level rise, | would expect that all of the sites would be
shifting towards wetter sapling species, particularly in headwater sites with a shorter
distance to shoreline/tidal influence. However, only sites with increasing agricultural
cover were shifting towards wetter species. The community composition of headwater
wetlands in forested and developed basins, followed the trend in species composition that
would be expected due to changes in site hydrology resulting from land use change. This
suggests that if sea level rise is contributing to changes in community composition in
coastal headwater wetlands, the effects may be not be consistent across land cover types.

In reality, the hydrology of headwater wetlands is driven by a complicated
balance of basin geomorphology, land use, weather and climate, and it is likely that the
observed changes in community composition and structure are influenced by all of these
factors. Which leaves a few questions. First, why does it appear that the community
composition of headwater wetlands in forested areas is unchanged, despite the expected
changes in hydrology due to sea level rise? And second, why does it appear that wetlands
in agricultural and developed basins are responding to different drivers of change in
hydrology?

In addition to sea level rise, climate change is also expected to impact the
hydrology of basins and wetlands through increased evapotranspiration due to rising
temperatures. Given the higher evapotranspirative demand of forested areas as compared
agricultural land uses, it is possible that greater evapotranspiration in forested areas has

balanced out rising water levels from sea level rise in predominantly forested basins.
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Although it is unclear to what extent rising temperatures will influence future
evapotranspiration, it is nonetheless unlikely that evapotranspiration will be sufficient to
overcome continued sea level rise. However, in the meantime it is possible that this effect
may be mitigating the impacts of rising water levels associated with sea level rise. And in
the case of headwater wetlands in developed areas shifting towards a community
composition and structure indicative of drier conditions despite local conditions of sea
level rise, it is possible that the effect of developed land use on riparian hydrology (i.e.,
urban “hydrologic drought) is substantial enough to eclipse any potential change in

hydrologic regime due to sea level rise observed to date.

CONCLUSIONS

In this study | evaluated the community composition and structure of forested
headwater wetlands in the coastal plain of Virginia. In testing for differences between
sites with varying basin geomorphology and local land use, | identified differences in the
prevalence index and stem density between strata indicative of changes in the hydrologic
regime over time; and determined that the direction and magnitude of change were
correlated with local land cover conditions. While the change in prevalence index
between canopy and sapling species does not provide direct evidence of a change in
hydrologic regime, it does suggest that the tree community composition at the surveyed
headwater wetlands is shifting in response to a change in local hydrology, likely mediated
by a combination of land use and climate change.

Decreases in forest cover was associated with a decrease in canopy stem density

and a shift in the hydrologic condition of the plant community towards more wetland or
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upland type species. The direction of change in hydrologic condition (i.e., wetter or drier)
was generally associated with the type of land use disturbance, with increasing road
density associated with a shift towards more upland type species, and increasing
agricultural cover associated with a shift towards more wetland type species. Although
headwater wetlands in the coastal plain are typically groundwater-driven, land use change
has likely impacted wetland hydrology by altering the balance of surface runoff and
baseflow. Results from this study suggest that impacts to wetland hydrology are most
pronounced in urban/suburban developed areas, while improvements to water
management in areas with a long agricultural history may have the opposite effect in
reestablishing baseflow conditions. However, it is unclear whether the apparent increase
in saturation and inundation of wetlands in agricultural areas is a result of improvements
to agricultural land use management and/or the effects of climate change and sea level
rise.

Headwater wetlands provide numerous ecosystem services and may be
particularly important in maintaining downstream water quality and providing habitat for
sensitive species. The results of this study suggest that that fundamental changes have
occurred in the hydrologic condition of headwater wetlands, and that these changes are
ongoing and likely influenced by a variety of different land use and climate related
stressors. As the effects of sea level rise and climate change become more pronounced, it
is increasingly important to understand how these stressors may influence the structure
and function of headwater wetlands, and the role of land use in mediating or exacerbating

their impact on wetland condition.
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Table 1. Metrics of basin geomorphology derived for each study site.

Metric Abrev. Unit Definition / Equation

Basin Area Area km? Surface area of the watershed

Basin Length Length km Lc.ength of the watershed along the
direction of flow

Total Relief Relicf m D|fference'betweer? highest and
lowest basin elevation

Stream Length Stream.length  km Total Ierlgth of all streams within
the basin

Drainage Density Drain.dens km km? Stream.length / Area

Relief Ratio Relief.ratio - Relief / Length

Form Factor - - Area/ Lengtht

Ruggedness - # Relief *Draindens

Relative Stream Power - km? Area * Relief.ratio
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Table 2. General land cover characteristics summarized for headwater basins and within 1000 m (i.e., local land cover) of each
study site.

Wetland: Basin land cover (%) Local land cover (%)
. Basin Area  Wetland . _
Site Basin ratio

(ha) Area (ha) (%) Imperv.  Agric. Forest (riohaaql) Imperv.  Agric. Forest (nioha;l)
1 6.30 0.32 5.05 0.00 78.02 17.83 47.75 1.33 31.08 24.53 49.27
2 168.06 3.06 1.82 3.76 0.07 61.55 28.34 4.42 13.82 53.60 16.62
3 6.73 0.43 6.32 0.00 0.00 93.86 0.00 1.78 0.00 44.31 47.23
4 29.52 0.78 2.63 4.00 0.00 78.33 46.18 11.04 1.93 51.25 38.36
5 48.67 3.38 6.94 3.54 0.00 87.84 32.35 2.35 1.52 49.66 19.68
6 18.77 1.15 6.12 7.75 3.76 73.14 56.99 5.37 4.72 74.18 21.25
7 50.65 1.23 2.42 6.17 0.00 78.33 31.55 4.85 0.93 80.17 33.69
8 268.22 6.50 2.42 2.30 28.47 61.76 26.74 2.10 29.16 60.10 28.76
9 54.53 1.99 3.64 3.74 12.64 74.45 48.53 4.02 10.83 75.62 48.47
10 123.96 2.05 1.65 4.34 26.61 60.18 37.99 1.48 32.40 53.70 15.65
11 128.64 6.57 5.10 1.81 6.61 86.53 18.92 1.12 12.09 66.81 37.26
12 33.01 1.39 4.22 0.95 6.07 89.53 27.09 0.98 32.34 59.42 25.51
13 14.41 0.29 1.99 8.25 32.04 12.46 100.87 5.98 13.24 19.34 57.35
14 25.98 2.72 10.47 3.36 10.05 80.17 25.82 4.62 8.04 73.44 70.63
15 22.87 0.87 3.78 6.33 6.85 75.38 33.52 5.87 10.63 71.45 29.37
16 49.82 2.30 4.63 10.44 1.60 58.01 52.50 8.49 7.20 53.84 32.11
17 16.22 1.00 6.15 1.05 0.00 94.90 12.06 0.21 0.00 73.26 24.05
18 47.46 2.05 4.32 1.29 0.00 95.59 16.61 2.44 0.00 84.64 62.95
19 15.74 1.63 10.37 0.00 0.00 89.48 0.00 0.13 0.00 75.26 22.56
20 33.00 0.76 2.31 3.67 0.00 88.38 46.05 1.49 0.31 70.40 5.76
21 44.61 1.11 2.49 0.77 3.62 93.66 19.22 1.00 8.64 70.95 12.11
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Table 3. Metrics of basin geomorphology derived for each study site.

Site Area  Length Form Stream Drainage Diensity Relief Reli.ef Ruggedness Relative Dista'nce to
(km?) (km)  Factor Length (km) (km km™) (m) Ratio Stream Power Shoreline (km)
1 0.06 0.43 0.34 0.03 0.51 7.6 17.5 0.00 0.1 0.29
2 1.68 2.96 0.19 1.43 0.85 18.5 6.3 0.02 1.1 0.31
3 0.07 0.46 0.31 0.27 3.96 19.2 41.5 0.08 0.3 0.51
4 0.30 0.78 0.49 1.95 6.60 19.4 25.0 0.13 0.7 0.60
5 0.49 1.03 0.46 1.03 2.11 36.5 354 0.08 1.7 0.40
6 0.19 0.77 0.32 0.55 2.93 22.9 29.9 0.07 0.6 3.15
7 0.51 1.19 0.36 0.72 1.42 24.3 20.5 0.03 1.0 1.73
8 2.68 2.87 0.33 4.81 1.79 30.3 10.6 0.05 2.8 1.18
9 0.55 1.18 0.39 0.20 0.37 10.1 8.6 0.00 0.5 0.57
10 1.24 1.92 0.34 1.25 1.01 21.4 111 0.02 1.4 0.12
11 1.29 1.82 0.39 0.82 0.63 29.5 16.2 0.02 2.1 0.37
12 0.33 0.86 0.45 0.58 1.75 13.8 16.0 0.02 0.5 4.32
13 0.14 0.63 0.36 0.00 0.00 2.6 4.2 0.00 0.1 0.15
14 0.26 0.90 0.32 0.45 1.73 32.2 35.8 0.06 0.9 0.28
15 0.23 0.79 0.37 0.47 2.07 28.9 36.7 0.06 0.8 0.77
16 0.50 1.38 0.26 0.67 1.35 235 17.1 0.03 0.8 0.62
17 0.16 0.68 0.36 0.35 2.15 29.2 43.2 0.06 0.7 0.25
18 0.47 1.17 0.35 0.96 2.02 36.4 31.2 0.07 1.5 0.60
19 0.16 0.88 0.20 0.72 4.58 334 38.2 0.15 0.6 0.51
20 0.33 0.85 0.46 0.42 1.27 254 30.1 0.03 1.0 0.21
21 0.45 1.18 0.32 0.81 1.81 25.7 21.7 0.05 1.0 0.09
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Table 4a. Relative densities of canopy species for sites (stems ha™*, maximum = 100).
Absolute densities of individual species can be obtained by multiplying relative densities

by total density of site. Sites 1-11.

Site

Canopy Species
1 2 3 4 5 6

7

8 9

10

11

Acer rubrum 450 238 120 600 114 -
Caryaglabra - - _ - - -
Carya ovata - - - - - -
Diospryos virginiana  — - - - - _
Fagus grandifolia - - - - - -
Fraxinuspp. 100 381 520 300 543 364
Juniperus virginiana - - - - - -

Liguidambar
styraciflua

Liriodendron
tulipifera - - Lo - - 182
Nyssa sylvatica - 238 120 - - 91
Pinus taeda - - - - - 364
Platanus occidentalis 5.0 - 4.0 - - -
Quercus falcata - - - - - —
Quercus phellos - - - - - -

Salix nigra - - 4.0

Ulmus americana 5.0 95 40 10.0 286 -

304

17.4

13.0

4.3

34.8

25.0 -

60.4 25.0

83 250

- 37.5

6.2 12.5

17.1

2.4

19.5

4.9

22.2

5.6

Total Density

(stems/ha) 500 525 625 250 875 275

575

1200 200

1025

450
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Table 4b. Relative densities of canopy species (stems hat, maximum = 100). Absolute
densities of individual species can be obtained by multiplying relative densities by total
density of site. Sites 12-21.

Canopy Species

Site

12

13

14

15 16 17

19

20

21

Acer rubrum

Carya glabra

Carya ovata
Diospryos virginiana
Fagus grandifolia
Fraxinuspp.
Juniperus virginiana

Liguidambar
styraciflua

Liriodendron tulipifera
Nyssa sylvatica
Pinus taeda

Platanus occidentalis
Quercus falcata
Quercus phellos
Salix nigra

Ulmus americana

100.0

36.4

36.4

412 4.0 121

294 68.0 18.2
- 12.0 -

- 8.0 -

5.9 4.0 3.0

17.6

30.3

3.0
9.1

55.0

Total Density
(stems/ha)

400

275

125

425 625 825

825

500
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Table 5a. Relative basal area of canopy species (m? ha™t, maximum = 100). Absolute
basal area of individual species can be obtained by multiplying relative densities by total
density of site. Sites 1-11.

Canopy Species

Site

2 3

7

8

10

11

Acer rubrum

Carya glabra

Carya ovata
Diospryos virginiana
Fagus grandifolia
Fraxinuspp.
Juniperus virginiana

Liguidambar
styraciflua

Liriodendron tulipifera
Nyssa sylvatica
Pinus taeda

Platanus occidentalis
Quercus falcata
Quercus phellos
Salix nigra

Ulmus americana

17.4

5.9

7.1

21.7 149

52.0 66.1

2.3 -

- 2.3
208 83
- 2.8

- 2.5
31 31

275 574

- 18.5

17.9 14.0

12.2
2.1
77.0

16.0

141

21.0

4.3
44.6

27.0

48.4

11.0

13.6

254

25.3

30.4
18.9

11.8

3.8
32.9

6.8

19.9

5.3

Total Basa Area
(m2/ha)

55.6

386 23.0

27.4 511

6.8

49.0

38.3

10.6

35.3

344
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Table 5b. Relative basal area of canopy species (m? hat, maximum = 100). Absolute
basal area of individual species can be obtained by multiplying relative densities by total
density of site. Sites 12-21.

Site

Canopy Species

12 13 14 15 16 17 18 19 20 21
Acer rubrum 100.0 225 - 46.6 4.1 10.7 713 309 - 53.9
Carya glabra - - - 40.2 719 545 - - - -
Carya ovata - - - - 9.4 - - - - -
Diospryos virginiana - - - - 0.3 0.8 - - - -
Fagus grandifolia - 2.3 - 2.2 - - - 0.4 - -
Fraxinuspp. - - - - - 3.7 8.6 1.5 328 -
Juniperus virginiana - - - - 14.0 - - - - -
Liguidambar styraciflua - - 100.0 - - - - - - -
Liriodendron tulipifera - - - - - - - - 26.4 -
Nyssa sylvatica - - - 2.4 04 114 - 67.1 - 46.1
Pinus taeda - - - - - - - - - -
Platanus occidentalis - 63.1 - 8.6 - - - - - -
Quercus falcata - - - - - - - - 5.8 -
Quercus phellos - - - - - - 20.1 - - -
Salix nigra - - - - - - - - - -
Ulmus americana - 121 - - - 18.9 - - 35.0 -

Total Basa Area (m2/ha) 43.7 129 6.8 379 456 293 19 323 159 291
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Table 6a. Importance values of canopy species (maximum = 100) calculated by from
relative density and basal area of species. Sites 1-11.

Canopy Species

Site

3

4 5

10

11

Acer rubrum

Carya glabra

Carya ovata
Diospryos virginiana
Fagus grandifolia
Fraxinuspp.
Juniperus virginiana

Liquidambar
styraciflua

Liriodendron tulipifera
Nyssa sylvatica
Pinus taeda

Platanus occidentalis
Quercus falcata
Quercus phellos
Salix nigra

Ulmus americana

13.7

20.5

6.1

45.1

3.6

22.3

6.3

13.5

7.2
10.2

3.4

3.3
3.6

57.3 10.8

28.8 55.9

- 12.1

140 213

15.2
5.6
56.7

15.8

17.0

43
39.7

54.4

9.7

9.9

25.2

25.2

34.0
15.7

14.5

3.1
26.2

5.9

211

5.5

Total Density
(stems/ha)

Total Basa Area
(m2/ha)

500

55.6

525

38.6

625

23.0

250 875

274 511

275

6.8

575

49.0

1200

38.3

200

10.6

1025

353

450

34.4
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Table 6b. Importance values of canopy species (maximum = 100) calculated by from
relative density and basal area of species. Sites 12-21.

Site

Canopy Species

12 13 14 15 16 17 18 19 20 21
Acer rubrum 100.0 295 - 439 41 114 60.7 30.6 - 54.5
Carya glabra - - - 348 70.0 364 - - - -
Carya ovata - - - - 10.7 - - - - -
Diospryos virginiana - - - - 2.2 1.9 - - - -
Fagus grandifolia - 10.3 - 4.1 - - - 1.7 - -
Fraxinuspp. - - - - - 125 168 53 275 -
Juniperus virginiana - - - - 11.0 - - - - -
Liquidambar styraciflua - - 100.0 - - - - - - -
Liriodendron tulipifera - - - - - - - - 18.8 -
Nyssa sylvatica - - - 4.2 22 7.2 - 62.4 - 45.6
Pinus taeda - - - - - - - - - -
Platanus occidentalis - 36.1 - 13.1 - - - - - -
Quercus falcata - - - - - - - - 8.5 -
Quercus phellos - - - - - - 22.6 - - -
Salix nigra - - - - - - - - - -
Ulmus americana - 243 - - - 30.7 - - 45.3 -
Total Density (stems/ha) 400 275 125 425 625 825 100 825 225 500
Total Basa Area (m2/ha) 43.7 12.9 6.8 379 456 293 19 323 159 291
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Table 7a. Relative densities of sapling species (stems ha, maximum = 100). Absolute
densities of individual species can be obtained by multiplying relative densities by total

density of site. Sites 1-11.

Site

Sapling Species

1 2 3 4 5 6 7 8 9 10 11
Acerrubrum 26.3 - 1.7 80 15.2 - 100 10 11 9.1 -
Carya glabra - - 3.4 - - - - - - - _
Diospryos virginiana - - - - - - - - B, B, _
Fagus grandifolia - - 172 20 - - - - 2.2 - 67
Fraxinuspp. - 100 31 - 515 60 - 80 124 63.6 733
Juniperus virginiana  21.1 - - - - - - - ; ; 6.7
Liguidambar
styraciflua 421 - 8.6 - 182 - - 10 809 - ;
Liriodendron tulipifera - - 29.3 - - 13.3 - - - - -
Nyssa sylvatica 10.5 - - - - 20 - - - 27.3 ;
Pinus taeda - - - - - 6.7 - - - - ;
Platanus occidentalis - - 6.9 - - - - - 3.4 - -
Quercus falcata - - - - - - - - i, i, .
Ulmus americana - - 1.7 - 15.2 - - - - - 13.3
Total Density 475 250 1450 125 825 375 25 250 2225 275 375

(stems/ha)
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Table 7b. Relative densities of sapling species (stems hat, maximum = 100). Absolute
densities of individual species can be obtained by multiplying relative densities by total
density of site. Sites 12-21.

Site

Sapling Species

12 13 14 15 16 17 18 19 20 21
Acer rubrum - - - - - - - - 100 -
Carya glabra - - - - - - - - - -
Diospryos virginiana - - - - 47.1 3.4 - 33.3 - -
Fagus grandifolia - 100 50 - - 30.3 - B, - _
Fraxinusspp. - - - - 471 652 100 - - -
Juniperus virginiana - - - - - - - - - -
Liquidambar styraciflua - - 50 - - - - - - 100
Liriodendron tulipifera - - - - - - - - - ;
Nyssa sylvatica - - - - - - - 66.7 - -
Pinus taeda - - - - - - - - - -
Platanus occidentalis - - - - - - - - - -
Quercus falcata - - - - 5.9 - - - - -
Ulmus americana - - - - - 1.1 - B, - -
Total Density (stems/ha) 0 175 100 0 425 2225 25 75 25 200
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Table 8a. Relative densities of subcanopy species (stems ha™*, maximum = 100). Absolute
densities of individual species can be obtained by multiplying relative densities by total
density of site. Sites 1-11.

Subcanopy Site

Species 1 2 3 4 5 6 7 8 9 10 11
Alnus serulata - - - - - - - - - - -
Asimina triloba 2.4 6.7 20.3 6.8 18.2 - - - - - -
Carpinus 24 15.6 304 417 - - - 93.8 326 81.8 26.9
caroliniana

Clethra alnifolia - - - 8.7 - - 78.9 - - - -
Cornus amomum  63.5 6.7 - 7.8 - - - - - - 3.2
Cornus florida - - 5.8 - - - - - - 18.2 -
llex opaca 4.7 31.1 11.6 - 6.8 60.7 21.1 - 8.7 - 22.6
Itea virginica - - - - - - - - - - 6.5
Kalmia latifolia - 20 - - - - - - 13 - 5.4
Lindera benzoin  14.1 - 319 311 75 - - - 10.9 - 8.6
Lyonia ligustrina - - - - - - - 6.2 - - 7.5
Magnolia - - - - - 17.9 - - - - 19.4
virginiana

Morella cerifera  12.9 8.9 - - - 17.9 - - 26.1 - -
Prunus serotina - - - - - - - - - - -
Vaccinium - 11.1 - 3.9 - 3.6 - - 8.7 - -
corymbosum

Total Density 2125 1125 1725 2575 1100 700 475 400 1150 825 2325

(stems/ha)
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Table 8b. Relative densities of subcanopy species (stems ha, maximum = 100).
Absolute densities of individual species can be obtained by multiplying relative densities
by total density of site. Sites 12-21.

Site

Subcanopy Species
12 13 14 15 16 17 18 19 20 21

Alnus serulata - - - - - - - - - 91.2
Asiminatriloba - - 100 - 66.7 - 459 95.3 -

Carpinus - 80 - 90 87 - 50 41 0.8 -
caroliniana

Clethra alnifolia - - - - - - - - - .

Cornus amomum - - - - - - - - - -
Cornus florida - - - - - - - - - i,
llex opaca - 20 - 10 13 33.3 - 13.1 3.9 8.8
Iteavirginica - - - - - - - - - B,
Kalmia latifolia - - - - - - - - - _
Lindera benzoin - - - - - - - - - -
Lyonia ligustrina - - - - - - - - - ;
Magnolia virginiana - - - - - - - - - -
Morella cerifera - - - - - - - - - -
Prunus serotina - - - - - - 50 - - i,

Vaccinium - - - - - - - - - -
corymbosum

Total Density 0 125 3700 250 1350 75 50 1525 6425 2000
(stems/ha)
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Table 9. Prevalence indices (P1) calculated for canopy, sapling, and subcanopy strata
based on species abundance (stems ha?). PI values < 3.0 indicate hydrophytic vegetation.
The sapling: canopy PI ratio (Plratio) indicates the direction of hydrophytic change in
community composition, where Plratio < 0.95 indicates a shift towards more hydrophytic
species, > 1.05 indicates a shift towards less hydrophytic/upland species, and 0.95 — 1.05
indicates no observed change in community composition. P1 ratios calculated based on an
assigned sapling PI of 2.0 where saplings were absent are indicated by parenthesis.

Prevalence Index (Pl) Sapling: Canopy PI ratio
Site Canopy Sapling Subcanopy Plratio Sapling Condition
1 3.00 - - (0.67) no saplings
2 2.85 3.21 2.22 1.13 drier
3 3.09 4.00 3.00 1.29 drier
4 3.00 3.50 3.00 1.17 drier
5 2.62 2.00 3.02 0.76 wetter
6 2.48 3.12 2.74 1.26 drier
7 2.70 3.20 2.49 1.19 drier
8 3.18 - 3.00 (0.63) no saplings
9 3.88 2.59 3.00 0.67 wetter
10 2.97 2.65 3.00 0.89 wetter
11 2.94 2.19 3.00 0.75 wetter
12 2.82 2.53 2.79 0.90 wetter
13 2.50 2.00 3.50 0.80 wetter
14 2.87 3.00 2.21 1.05 no change
15 2.40 2.20 2.94 0.92 wetter
16 3.13 2.87 2.94 0.92 wetter
17 2.94 3.00 3.00 1.02 no change
18 2.46 2.36 3.18 0.96 no change
19 3.00 3.00 3.00 1.00 no change
20 2.61 2.40 2.60 0.92 wetter
21 3.00 3.00 2.09 1.00 no change

131



Table 10. Results of two—sided, Welch’s t—test comparing differences in land use and basin geomorphology between sites
shifting towards wetter or drier species. Results are provided for the initial prevalence index (PI), where sites without saplings

are excluded, and the modified P, where sites without saplings are assigned a sapling strata Pl of 2.

Mean (SD) p-value
Variable Drier Wetter Wetter For For
(Modified PI) Initial PI Modified PI
Local Road (m? ha) 52.57 (12.15) 32.35(15.14) 31.46 (13.71) 0.02 0.01
Local Imp (%) 5.49 (3.39) 3.53 (2.70) 3.20 (2.53) 0.30 0.23
Local Agr (%) 4.28 (5.62) 13.40 (11.65) 16.44 (12.43) 0.08 0.03
Local For (%) 60.70 (15.57) 57.80 (17.04) 54.99 (18.30) 0.75 0.54
Distance to Shoreline (km) 1.26 (1.19) 0.84 (1.33) 0.82 (1.20) 0.24 0.51
Basin Road (m? ha?) 32.61 (21.57) 44.20 (23.79) 42.94 (21.97) 0.38 0.40
Basin Imp (%) 4.34 (2.93) 4.79 (3.04) 4.13 (3.14) 0.79 0.90
Basin Agr (%) 0.77 (1.67) 10.27 (11.60) 18.08 (23.08) 0.02 0.01
Basin For (%) 77.04 (11.64) 70.31(24.77) 64.76 (27.20) 0.65 0.34
Basin Area (km?) 0.55 (0.65) 0.57 (0.42) 0.71 (0.77) 0.96 0.67
Basin Length (km) 1.23 (1.00) 1.16 (0.46) 1.25(0.71) 0.89 0.97
Form Factor 0.34 (0.11) 0.39 (0.07 0.38 (0.06) 0.38 0.47
Drainage Density (km km) 3.15 (2.28) 1.17 (0.74) 1.17 (0.72) 0.13 0.12
Relief Ratio 0.02 (0.01) 0.02 (0.01) 0.02 (0.01) 0.48 0.39
Ruggedness 0.06 (0.04) 0.03(0.02) 0.03 (0.02) 0.16 0.15
Stream Power (km?) 0.73 (0.33) 0.99 (0.64) 1.08 (0.86) 0.34 0.27
Basin CN 65.97 (8.91) 66.28 (9.84) 67.10 (9.03) 0.95 0.82
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Table 11. Results of ANOVA tests comparing differences in land use and basin geomorphology between sites shifting towards
wetter, drier, no change, or no sapling species. Results are provided for the initial prevalence index (PI), where sites without

saplings are excluded, and the modified PI, where sites without saplings are assigned a sapling strata PI of 2.

Mean (SD) p-value
Variable
Drier Wetter No Sapling No Change IniEi: Pl Mo;i(f)i:ed P

Local Road (m? ha'!) 52.57 (12.15)  32.35 (15.14) 27.44(2.73)  18.18(10.64)  0.01 0.00
Local ISA (%) 5.49 (3.39) 3.53 (2.70) 1.72 (0.55) 1.46(1.84)  0.12 0.08
Local Agr (%) 428 (5.62)  13.40 (11.65) 30.12 (1.36) 3.34(457)  0.01 0.03
Local For (%) 60.70 (15.57)  57.80(17.04)  42.32(25.15)  78.26(11.36)  0.06 0.04
?k'rs]:;"”ce to Shoreline 1.26 (1.19) 0.84 (1.33) 0.74 (0.63) 0.34(021) 0.34 0.19
Basin Road (m? ha™) 32.61(21.57)  44.20(23.79)  37.25 (14.86) 1474 (9.63)  0.12 0.05
Basin Imp (%) 4.34 (2.93) 4.79 (3.04) 1.15 (1.63) 129(1.25)  0.09 0.15
Basin Agr (%) 0.77(1.67)  10.27(11.60)  53.25 (35.04) 2.73(438)  0.00 0.03
Basin For (%) 77.04 (11.64)  70.31(24.77)  39.80 (31.06) 90.76 (6.37)  0.03 0.02
Basin Area (km?) 0.55 (0.65) 0.57 (0.42) 1.37 (1.85) 030(0.15)  0.82 0.62
Basin Length (km) 1.23 (1.00) 1.16 (0.46) 1.65(1.72) 0.96(021)  0.72 0.86
Form Factor 0.34 (0.11) 0.39 (0.07 0.33(0.01) 031(06) 031 0.24
(E:(ﬁ'z;g_f)De”S'ty 3.15(2.28) 1.17 (0.74) 1.15 (0.91) 2.46(1.20)  0.08 0.03
Relief Ratio 0.02 (0.01) 0.02 (0.01) 0.01 (0.00) 0.03(0.01)  0.10 0.05
Ruggedness 0.06 (0.04) 0.03(0.02) 0.03 (0.04) 0.08(0.04)  0.09 0.03
Stream Power (km?) 0.73 (0.33) 0.99 (0.64) 1.47 (1.93) 0.94 (0.34) 0.77 0.64
Basin CN 65.97 (8.91) 66.28 (9.84) 70.78 (2.80) 68.16 (2.85)  0.88 0.91
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Table 12. Principal component analysis of local land cover from the sampled headwater
wetlands sites. Percent refers to the amount of total variation represented by each
eigenvector.

Eigenvectors

Variables PC1 PC2 PC3
Local forest cover -0.75 -0.02 0.66
Local agricultural cover 0.44 0.73 0.52
Local road density 0.49 -0.68 0.54
Eigenvalue 1.55 1.16 0.30
Percent 51.52 38.54 9.94
Cumulative percent 51.52 90.06 100.00
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Table 13. Quality of site representation (cos?, max=1) by principal components.

. Sum of
Site PC1 PC2 PC3 PCL & PC2
1 0.58 0.36 0.05 0.95
2 0.75 0.15 0.11 0.89
3 0.27 0.70 0.04 0.96
4 0.24 0.73 0.03 0.97
5 0.05 0.01 0.94 0.06
6 0.08 0.64 0.28 0.72
7 0.54 0.38 0.08 0.92
8 0.17 0.66 0.16 0.84
9 0.59 0.01 0.40 0.60
10 0.21 0.75 0.04 0.96
11 0.38 0.58 0.04 0.96
12 0.09 0.84 0.07 0.93
13 0.86 0.11 0.03 0.97
14 0.70 0.07 0.23 0.77
15 0.77 0.10 0.13 0.87
16 0.38 0.61 0.00 1.00
17 0.86 0.04 0.10 0.90
18 0.98 0.00 0.02 0.98
19 0.77 0.04 0.19 0.81
20 0.38 0.62 0.00 1.00
21 0.61 0.29 0.10 0.90
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Table 14. Mean, range, and SD for wetland strata variables and regression coefficients (r?) for independent variables explained
by principal components (PC1 and PC2). Results are also provided for the modified PI based on an assigned stratum Pl of 2.0
where shrubs or saplings are absent.

PC1 PC2

Variable Mean Min Max SD

r2 p-value r2 p-value
Canopy density (stems/ha) 492.86 100.00 1200.00 63.08 0.22 0.03 0.07 0.26
Canopy mean diameter (cm) 24.80 14.48 38.21 1.48 0.02 0.52 0.01 0.68
Canopy basal area (m2/ha) 30.19 1.92 59.60 3.58 0.08 0.20 0.10 0.16
Canopy diversity (H’) 1.08 0.00 1.49 0.09 0.07 0.25 0.01 0.75
Sapling density (stems/ha) 488.10 0.00 2225.00 149.39 0.01 0.69 0.01 0.68
Sapling diversity (H’) 0.53 0.00 1.68 0.11 0.02 0.55 0.01 0.60
Subcanopy density (stems/ha) 1105.95  0.00 3700.00 220.58 0.03 0.44 0.29 0.01
Subcanopy diversity (H’) 0.75 0.00 1.86 0.13 0.01 0.75 0.07 0.24
Pl canopy 2.88 2.40 3.88 0.07 0.01 0.69 0.02 0.50
Pl sapling 2.78 2.00 4.00 0.12 0.01 0.77 0.21 0.05
Pl sapling (modified) (2.71) (2.00) (4.00) (0.12) (0.01) (0.67) (0.32) (0.01)
Pl ratio 0.98 0.67 1.29 0.04 0.00 0.95 0.27 0.02
Pl ratio (modified) (0.95) (0.63) (1.29) (0.04) (0.03) (0.44) (0.40) (0.00)
Pl subcanopy 2.83 2.09 3.50 0.08 0.09 0.21 0.00 0.80
Pl subcanopy (modified) (2.75) (2.00) (3.50) (0.09) (0.03) (0.43) (0.06) (0.38)
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Figure 1. Map of the lower York River watershed study area, including the distribution of
21 headwater wetland field sites sampled during summer 2015 and 2018.

137



° b ANOVA, p <0.01 o ANOVA, p =0.08
IS4 o e
] o J
| —
o o !
a0 © T [} —~
o S
Nc o a * }: “1 :
IS T 3 |
~ 1
E - ! S !
2 S ! — 5 © !
) ! a 9o | ,_g_l
[a] . —_ c 1
T 81 ! g — 0
e . E ]
— ol X ] .
P . :
4 =
o | 1]
— 1
— - —
o o 4

Wetter Drier No Change Wetter Drier No Change

Shift in Sapling Prevalence Index .

o
S ANOVA, p =0.04 o a ANOVA, p =0.03
—_—
ab [ !
o a b ®
_ —
= ° : . i S
XX | pr— — =
=
8 3 1 * 9 o |
O g «
7] ; El
g : —_ (_% *
o 1 =
% N 1 2, 1}
1
8 ' T S a
— —_ 8 T o m—
o |
[ 1] - : a
1
1 -
1
o o —_ 1
Wetter Drier No Change Wetter Drier No Change
Shift in Sapling Prevalence Index Shift in Sapling Prevalence Index

Figure 2. Boxplots of local land cover characteristics of headwater wetland sites
including (a) road density, (b) impervious surface area, (c) forest cover and (d)
agricultural cover, grouped by the change in site community composition as indicated by
the PI ratio. Different letters denote significant differences among groups (post hoc non-
parametric Tukey’s test, p < 0.05).
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Figure 3. Boxplots of headwater basin land cover characteristics including (a) road
density, (b) impervious surface area, (c) forest cover and (d) agricultural cover, grouped
by the change in site community composition as indicated by the PI ratio. Different
letters denote significant differences among groups (post hoc non-parametric Tukey’s
test, p < 0.05). Basin forest cover was square transformed, and basin agricultural cover
was square root transformed to meet ANOVA and Tukey-Kramer assumptions of
normality.
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Figure 4. Boxplots of headwater basin size and shape characteristics including (a) basin
area, (b) length, (c) drainage density and (d) relief ratio, grouped by the change in site
community composition as indicated by the PI ratio. Different letters denote significant
differences among groups (post hoc non-parametric Tukey’s test, p < 0.05). Area and
length were log transformed, and drainage density was square root transformed to meet
ANOVA and Tukey-Kramer assumptions of normality.
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Figure 5. Boxplots of headwater basin topography characteristics including (a) the basin
form factor, (b) ruggedness number, (c) relative stream power and (d) site distance to the
York River shoreline, grouped by the change in site community composition as indicated
by the PI ratio. Different letters denote significant differences among groups (post hoc
non-parametric Tukey’s test, p < 0.05). Site distance to shoreline was log transformed to
meet assumptions of normality for all significance tests.
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Shift in Pl ratio

PC2

no change

PC1

Figure 6. Principal component analysis biplot (PC1 and PC2) of local land cover data
from the surveyed headwater wetland sites. Arrows represent the direction and strength
of variable loadings and points represent the principal component scores for each site.
Sites are classified by the observed shift in community composition, as indicated by the
Pl ratio and 90% concentrations ellipses are provided for each community group.
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Figure 7. Scatterplot and linear regression results between (a) canopy stem density with
principal component (PC)1, (b) subcanopy stem density, (c) sapling prevalence index and
(d) sapling: canopy prevalence index ratio with principal component (PC) 2. Results are
also provided for the modified wetter/ no sapling sites. Sites without saplings assigned a
sapling prevalence index of two are indicated in blue.
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CHAPTER IV
Modeling the Potential Impacts of Climate Change on the Hydrology of Forested

Headwater Wetlands in the Coastal Plain of Virginia
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ABSTRACT
The effects of climate change, including rising temperatures and increased
evapotranspiration, coupled with altered precipitation patterns, may substantially alter the
structure and function of coastal wetlands in the southeastern United States. In this study,
the impacts of land use and climate on the hydrology of coastal plain headwater wetlands
was examined at fifteen headwater wetlands located in the lower York River watershed,
VA. An empirical model of water table depth was developed to estimate wetland water
levels under current and future conditions. Future water levels were predicted using the
MIROCS general circulation model (GCM) under the Representative Concentration
Pathways (RCPs) 4.5 and 8.5 scenarios. The results indicate that future changes in
precipitation and evapotranspiration may significantly alter wetland hydrology,
contributing to lower mean and minimum annual water levels in headwater wetlands by
the end of the 21% century. Given the model scenarios applied here, future minimum
annual water table depths may decline 6 to 29 cm, and the percent of time dry may
increase 3 to 10% by the year 2100. This study quantifies the potential impact of climate
change on headwater wetland hydrology and provides a framework for evaluating climate

impacts on headwater wetlands throughout the coastal plain of Virginia.
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INTRODUCTION

The effects of climate change, including rising temperatures, changes in
precipitation intensity and frequency, and sea level rise have the potential to substantially
alter the structure and function of coastal wetlands in the southeastern United States
(Burkett & Kusler, 2000; Mulholland et al., 1997). Together with catchment
characteristics such as topography and soils, local and regional climate conditions
establish the hydrologic regimes to which wetland communities and processes are
adapted (Mulholland et al., 1997). In addition to being critical to the formation of
wetlands, the extent and duration of inundation also influences primary and secondary
production, decomposition, and the biogeochemical cycling of nutrients and pollutants
(Mitsch & Gosselink, 2015). Rising temperatures and increased evapotranspiration,
coupled with altered precipitation patterns, may lead to shorter periods of inundation and
decreased soil saturation in freshwater wetlands (Mulholland et al., 1997). Decreasing
water levels may have a number of consequences, such as shifting plant community
composition towards more upland and woody species (U.S. EPA, 2002), and/or
enhancing the emission of greenhouse gases from wetland soils (Burkett & Kusler, 2000).

Located at the interface between terrestrial and aquatic environments, headwater
wetlands play a critical role in maintaining the ecological integrity of downstream aquatic
ecosystems (Freeman et al., 2007). Headwaters act as a natural filter to improve water
quality (Alexander et al., 2007; Dodds & Oakes, 2008), and sustain downstream aquatic
and riparian biota by exporting nutrients, organic matter, and woody debris (Meyer &
Wallace, 2001; Wipfli et al., 2007). Groundwater driven wetlands, such as headwater

systems, are generally thought to be somewhat resilient to the impacts of climate change
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on hydrologic cycles, due to the buffering capacity of regional groundwater flows
(Winter, 2000). However, the shallow groundwater tables characteristic of the coastal
plain may be particularly vulnerable to changes in precipitation (P) and
evapotranspiration (ET) (Lu et al., 2009). In the southeastern United States,
evapotranspiration returns a large proportion (50-80%) of precipitation to the atmosphere
(Lu etal., 2003). In this region, small changes in precipitation and evapotranspiration can
have substantial impacts on streamflow, particularly in coastal areas. Therefore, any
change in ET or precipitation will likely have a direct impact on the distribution,
composition, and function of headwater wetlands.

In the southeastern United States, climate models project an increase in mean
annual temperatures of 2 °C to 10 °C by the end of the 21% century (Diffenbaugh & Field,
2013). In addition to the mean warming trend, temperature extremes are also expected to
increase, with more intense and frequent heat waves (Meehl et al., 2007). Projections of
mean annual precipitation for Virginia (and the mid-Atlantic) vary widely, due to its
location between contrasting climate change forecasts for decreasing subtropical
precipitation to the south and increasing subpolar precipitation to the north. However,
most model projections agree that precipitation will increase in the winter and spring, and
that precipitation intensity will increase as a result of increasing storm frequency and
intensity (Meehl et al., 2007).

A variety of hydrologic models, ranging from regression models (e.g., Brooks,
2004) to complex distributed models (e.g., Dai et al., 2011; Lu et al., 2009; Yu et al.,
2015) have been applied to investigate the impacts of weather and climate on wetland

hydrologic cycles. Previous studies of forested and coastal wetlands in the southeastern
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US suggest that stream flow and water table levels in this region are highly sensitive to
changes in precipitation and evapotranspiration. For example, in an observational and
simulation study of forested wetlands in the coastal plain of South Carolina, Dai et al.
(2011) found that temperature, and more specifically evapotranspiration, is one of the
most critical factors influencing water levels in first order watersheds. They found that
local warming can result in substantial declines in wetland water levels (more than 20
cm), particularly when increasing temperature is not balanced by a corresponding
increase in precipitation. Lu et al. (2009) found a similar decline in the water table depth
of Florida pine flatwoods (20 — 40 cm lower than the baseline scenario) as a result of
either a 2 °C increase in temperature or 10% decline in precipitation. They also observed
that changes in water table depth appeared to be most pronounced during dry periods,
indicating that the effects of climate change on wetland hydrology may also be
influenced by seasonal and interannual variability in hydrologic cycles.

Comprehensive studies of climate change impacts on the hydrologic regime (i.e.,
water table dynamics) across multiple wetlands are rare. Physically based hydrologic
models provide a refined representation of major hydrologic processes and interactions
(e.g., Chenetal., 2015; Yu et al., 2015), but widespread application of these models is
often limited by their intensive data requirements (Bhatt et al., 2014) and computational
expense (Vivoni et al., 2011; Yu et al., 2015). Recent studies of climate change impacts
on wetlands in the southeastern United States have applied empirical models to plan for
and forecast potential impacts on wetland hydrology (Greenberg et al., 2015; Zhu et al.,
2017). Despite the weakness of assuming a static relationship between climate and

hydrological parameters under future conditions, these models perform reasonably well
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across multiple sites. The computational efficiency of statistical models also allows for
implementation across multiple wetlands and a wide range of climatic conditions.

When combined with outputs from downscaled general circulation models
(GCMs), empirical models appear to be a useful tool in climate change studies
investigating the future water table dynamics of wetlands in the southeast US. For
example, Greenberg et al. (2015) developed an empirical model to forecast water table
depths for groundwater-driven sinkhole wetlands in Florida. They demonstrated the
model’s utility by examining potential impacts of forecast water table depths on
amphibian reproduction and biodiversity. In a similar study, Zhu et al. (2017) developed
site-specific models of water table depth for five wetlands across the southeast US and
forecast future changes in groundwater dynamics based on climate projections from 20
GCMs. They found significant changes in wetland hydrology at each site, with predicted
decreases in mean annual water table depth from 4 to 22 cm by 2100.

In this study, fifteen headwater wetlands located within the lower York River
watershed, Virginia were used to examine the impact of land use and climate change on
the hydrology (i.e., water table depth) of headwater wetlands in the coastal plain of
Virginia. One year (September 2017 — August 2018) of daily temperature, precipitation,
and water level data were collected to evaluate the influence of catchment conditions on
groundwater flashiness and develop a predictive model of water table depth for coastal
plain headwater wetlands. Future climate data from the MIROC5 GCM (Watanabe et al.,
2010), under Representative Concentration Pathways (RCPs) 4.5 and 8.5 were then
applied to the water table depth model to simulate future water table dynamics. The

objectives of this study were to (1) examine the relationship between land use and short
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term (i.e., hourly) groundwater dynamics of headwater wetlands in coastal Virginia; (2)
construct and validate an empirical model of headwater wetland water table depth at 15-
day intervals; and (3) forecast potential changes in water table dynamics under two

climate scenarios.

METHODS
Study Area and Site Selection

Headwater wetlands for this study were located in the lower York River
watershed, in the coastal plain of Virginia (Figure 1). Extending from the union of the
Mattaponi and Pamunkey rivers to the river mouth at the Chesapeake Bay, the lower
York River watershed is approximately 75,000 ha. The watershed is largely forested
(48%), with smaller amounts of agricultural (7%) and developed impervious (4%) land
covers. Wetlands comprise about 9% of the total land cover (Virginia Geographic
Information Network (VGIN), 2016). The topography is generally low gradient, with
most surface elevations ranging from 0-30m, though elevations may be as high as 70m in
some locations (U.S. Geological Survey (USGS), 2017a).

The climate of the coastal plain is characterized by hot, humid summers and
relatively mild winters (Holdridge, 1967). The mean annual temperature in the York
River watershed is 14°C, with average seasonal temperatures ranging from 2-5°C in the
winter and 23-24 °C in the summer (Reay & Moore, 2009). Mean annual precipitation
along the northern Atlantic Coastal Plain is about 120 cm per year, with a mean annual
evapotranspiration of 61 cm (Leahy & Martin, 1993). Excluding extreme events,

precipitation is fairly evenly distributed throughout the year, with high rates of summer
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evapotranspiration driving seasonal trends in wetland hydrology; groundwater levels are
generally highest in the winter when evapotranspiration is low, and lowest in the summer
when high rates of evapotranspiration lead to a drawdown of the water table. Headwater
wetlands in the coastal plain are typically groundwater driven, though they are also often
influenced by precipitation and overbank flooding from adjacent stream channels (Noble
et al., 2007). These wetlands are rarely flooded for extended periods, however near-
surface saturation generally occurs for a least a portion of the growing season and often
persists for most of the year.

The headwater wetlands examined in this study were identified from the National
Wetlands Inventory (NWI; U.S. Fish and Wildlife Service (USFWS), 2014), as all
wetlands intersecting a first- or second- order stream, as indicated by the National
Hydrography Dataset (NHD; U.S. Geological Survey (USGS), 2017b). A total of 2,797
ha of headwater wetlands were identified in the lower York River watershed. From these,
a spatially balanced random sample of 15 headwater sites were selected through a
Generalized Random-Tessellation Stratified (GRTS) sampling design using the R
package spsurvey (Kincaid & Olsen, 2018; Stevens & Olsen, 2004). The GRTS
technique allows for replacement of non-response sites (e.g., failure to obtain landowner
permission), while maintaining a spatially balanced random sample. The final selected
headwater sites were located within catchments representative of the range of land cover

and topographic conditions characteristic of the region.
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Water Level Data

Three groundwater monitoring wells were installed at each site; within the center
of the wetland, the adjacent upland (e.g., transition), and wetland/upland boundary, as
determined by the soils, plants, and topography of the site. Monitoring wells were
constructed of Schedule 40, 1.5 in diameter PVC pipe, slotted at least 1 meter
belowground, with 0.010-in well screen, to allow ground-water infiltration. To account
for the greater water table depth within upland wells, the well screen extended further
belowground, at least 30 cm below the water table at the time of installation. Well holes
were dug by hand auger and filled with coarse sand to line the annular space of the auger
hole around each well. Wells were developed by pumping water out of the well until it
ran clear. Wells were checked for clogging and sediment accumulation and pumped clean
every 3 months. Manual water level measurements were taken once a month at each well.

A HOBO U20L-04 non-vented, automatic water level logger was also installed at
each transition well to measure groundwater levels at 30-minute intervals. The data
loggers were placed at the bottom of the well on a 5 cm riser constructed of slotted PVC.
Estimated water levels were adjusted for barometric pressure by deploying additional
data loggers, above the water column, as a barometric reference. Three barometric
reference loggers were installed within the upland wells across all sites, with at least one
barometric reference less 10 miles from each site.

Wetland water levels were monitored from September 2017 — August 2018.
Water table depths are reported with respect to ground level as zero, such that negative
values reflect water levels below ground, and positive values reflect inundation above

ground. Water level data were used to calculate the mean water table depth (cm), water
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level variability (i.e., standard deviation), and the range of observed water levels (cm) for
the wetland boundary, wetland, and upland wells at each headwater site. Water level data
were also used to calculate the percent time inundated (water table depth >0 cm),
saturated (0 to -30 cm), and dry (< -30 cm).

Two additional indices were calculated to assess the flashiness of groundwater
levels based on the continuous water level data collected at the wetland/upland boundary
at each headwater site. A modified Richard-Baker index (RB) (for original index see
Baker et al., 2004; for modified index see Barksdale et al., 2014) was calculated to assess

the hydrologic response of groundwater levels within each wetland:

RB = (—zi“'ffi_”‘l') x 100 (Equation 1)
|2i=OYi|

where, y; is the mean hourly water level (cm) relative to the ground surface at time i.
A second index was calculated to assess the rate of change in groundwater levels

(WLA) (Barksdale et al., 2014) for each wetland:
WLA = (M) %10 (Equation 2)

where, y; is the mean hourly water level (cm) relative to the ground surface at time i, and
n is the total number of mean hourly observations.

Continuous water level data were also used to calculate the percent of
observations with a mean hourly change in water level > 1cm and daily change in water
level > 5¢cm for each site. Additionally, for monthly measurements, the percent of
observations with a monthly change in water level > 1 cm and > 10 cm were also

calculated for each site.
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Meteorological Data
Catchment specific estimates of daily precipitation, run-off, and
evapotranspiration were calculated from Daymet meteorological data (Thornton et al.,

2016), for the duration of the monitoring period.

Potential evapotranspiration

Potential evapotranspiration (PET) was estimated using Hamon’s method (1963),
which uses temperature as the primary driver for evapotranspiration, as well as additional
variables for daytime length and saturated vapor pressure. Given the close correlation
with actual evapotranspiration, Hamon’s method is recommended for estimating PET in
the southeastern United States, when radiation data are unavailable for more precise

estimates (Lu et al., 2005). PET was calculated for each site as follows:

PET = 0.165 * Lgqy * psqt * KPEC (Equation 3)
Psar = 216.7 * ﬁ (Equation 4)

(17.27*T)
€sqr = 6.108e\r+2373

(Equation 5)
where, PET is daily potential evapotranspiration (mm); Lday is the daytime length, which
is from sunrise to sunset in multiples of 12 h (e.g., X/12); psat is the saturated vapor
density (g m™) at the daily mean air temperature (T); e sat is the saturation vapor pressure
(mbar) at the given T; T is the daily mean air temperature (°C), which is calculated as the
mean of the daily minimum and maximum temperatures; and KPEC is the calibration

coefficient, which was set to 1.2 for consistency with previous studies in the Southeastern

US (see Federer & Lash, 1983; Lu et al., 2003; Sun et al., 2002).
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Catchment run-off

Given the influence of both land use and soil type on drainage characteristics, the

Soil Conservation Service curve number method was applied to estimate the surface run-

off of each study catchment (Hawkins et al., 2009). Catchment boundaries corresponding

to each headwater site were delineated from the National Elevation Dataset (NED; U.S.

Geological Survey (USGS), 2017b), following the procedure described in Chapter IlI.

Land cover was determined from the Virginia Land Cover Dataset (Virginia Geographic

Information Network (VGIN), 2016) and hydrologic soil groups (e.g., soil permeability)

were obtained from the Soil Survey Geographic (SSURGO) Database (Natural Resources

Conservation Service, United States Department of Agriculture, 2013). Run-off curve

numbers (CN) were determined for each unique land use and hydrological soil group

combination, based on the runoff curve number tables provided in the TR-55 manual

(SCS, 1986). The selected TR-55 cover type for each VGIN land cover class and

corresponding CN, by hydrologic soil group, is provided in Table 1.

Using Daymet precipitation data (Thornton et al., 2016), the potential maximum

retention of rainfall after run-off (S), initial abstraction (la) and surface runoff (Q) were

calculated for each catchment as follows:

_ (P=Ig)?

Q= Pats for P>1,
Q=0 for P <1,
I, = A%S (mm)

S = 25;:0—254 (mm)
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(Equation 7)
(Equation 8)

(Equation 9)



where, P is precipitation in mm, and CN is the curve number (dimensionless). Although
the abstraction ratio (A) was assumed to be to 0.02 in its initial development, recent
studies have indicated that A = 0.05 provides a better fit for runoff calculations,
particularly in calculations involving lower rainfall amounts or CNs (Jiang, 2001). To
account for this improvement, run-off curve numbers were converted to the equivalent

CNo.os (henceforth referred to as CN) using the following equation (Hawkins et al., 2009):

100

CNyos = (Equation 10)

100 1.15
1.879[CN0_02—1] +1

Statistical Analysis of Observed Data

Data analysis was conducted in R (R Core Team, 2018) and figures were
produced using the package ggplot2 (Wickham, 2009). Simple linear models were
generated to test for the effect of runoff, land use, and catchment geomorphology on
metrics of short-term variability/flashiness of groundwater hydrology and predict water

level depth at 15-day intervals at the surveyed headwater wetlands.

Water Level Depth Model

| hypothesized that fluctuations in the depth to water level would be primarily
controlled by catchment P and ET, and that differences between sites would be
influenced by differences in surface and subsurface flow driven by local land cover, soils,
and topography. | explored linear models using a stepwise regression procedure to
determine a parsimonious model to forecast water level depth for all 15 headwater
wetlands. Based on the criteria for wetland delineation, set by US regulatory standards

requiring that wetland water levels be within 30 cm of the ground surface for at least 2
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weeks during the growing season, the model time step was set at 15 days. With the daily
mean water table depth at 15-day intervals as the response variable, potential explanatory
variables included precipitation (P), potential evapotranspiration (PET) and the difference
in total precipitation and evapotranspiration over the proceeding 15 days (P-PET), as well
as CN, Q, percent forested and impervious land covers, distance to shoreline, and the
catchment relief ratio. The previous 15-day mean water table depth was also considered
as a potential explanatory variable following similar studies of water level modeling in
forested and ephemeral wetlands in the southeastern US (Greenberg et al., 2015; Zhu et
al., 2017).

The water level data examined in this study were based on a sample of multiple
measurements from different wetlands, where each wetland is assumed to be a sample
from some population. This type of nested structure is typically modeled as a mixed-
effect or hierarchical linear model. Initial mixed-effects modeling revealed that only
about 5% of the total variance was explained by the random effect (e.g., site), indicating
that random effects were not present and could be removed from the model. Therefore, a
generalized linear model was used to model the water table depth at all wetlands. In a
first-order autoregressive model, where the response variable from a time series dataset is
regressed on the previous value from the same time series, such that y, = By + B1yi-1 +
&, & 1S assumed to be white noise with a zero mean and constant variance (Greene,
2003).

Residual plots were examined for normality and homoscedasticity.
Autocorrelation of residuals was tested by Durbin’s h statistic (Bhargava et al., 1982).

Model fit was assessed by repeated k-fold cross-validation, with a 5-fold groupwise
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cross-validation, repeated 3 times. The final model was chosen based on the mean RMSE
and R2. Model training and cross-validation were conducted using the R package caret

(Kuhn, 2020).

Estimates of Water Table Depth under Future Climate Scenarios

To illustrate how the water table depth model could be used to examine potential
changes in water table dynamics under future climate change scenarios, | estimated future
water levels under two future RCP scenarios (RCPs 4.5 and 8.5) from the MIROC5 GCM
(Watanabe et al., 2010), using a statistically downscaled product from the Multivariate
Adaptive Constructed Analog (MACA) dataset (MACAV2-METDATA). The GCM
dataset was statistically downscaled from the Coupled Model Intercomparison Project 5
(CMIP5, Taylor et al., 2012) utilizing a modification of the MACA (Abatzoglou &
Brown, 2012) method with METDATA (Abatzoglou, 2013) observations as training data

(https://climate.northwestknowledge.net/ MACA/index.php). The selected future climate

data represent intermediate (RCP 4.5) and high (RCP 8.5) greenhouse gas emission
scenarios, based on a historical climate forcing baseline (1950-2005).
Following the recommended approach to analyze GCM projected changes in

climate metrics (https://climate.northwestknowledge.net/ MACA/MACAanalysis.php), |

applied the water table depth model (Equation 11) to simulate mean water table dynamics
for headwater wetlands in the lower York River watershed over the full historical period
(1950-2005) and two future 30-year periods (mid-century: 2040-2069 and end-of-
century: 2070-2099). Wetland water levels were forecasted on annual basis, beginning in

September, using the average initial water level measured at the headwater study sites (-
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9.9 cm) to initiate the prediction each year. Subsequent forecasts were predicted on a
rolling basis, using the previously predicted water level as the antecedent WTD at time t -
1. Annual water level metrics, including the mean and minimum water level, as well as
the percent time inundated (water table depth > 0 cm), saturated (0 to -30 cm), and dry
(< -30 cm) were calculated for each pixel within the study area, then averaged over all
years and pixels for the historical and future periods. The estimated change in water table
dynamics under future conditions was then calculated as the difference between the
future and historical periods. The same procedure was also applied to simulate mean
water table dynamics for the monitoring period (2017-2018) using the Daymet surface
weather data used to develop the water table depth model. Water table depths were
estimated for the following six scenarios:

i Baseline historical period 1950-2005;
ii. RCP 4.5 mid-century period 2040-2069;
iii. RCP 4.5 end-century period 2070-2099;

iv. RCP 8.5 mid-century period 2040-2069;

V. RCP 8.5 end-century period 2070-2099; and
vi. Monitoring period 2017-2018
RESULTS

Catchment and Run-off Characteristics
Headwater catchments ranged from 6.2 to 168.1 ha, with a mean (xSD) area of
52.4 + 44.6 ha (Table 2). Mean annual precipitation (P) was 1,309 + 39 mm, with most

precipitation occurring from May — August 2018 (Table 3). Catchment CN values ranged
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from 44.9 to 79.3 (Table 2), with a mean total surface run-off depth (Q) of 69 £ 31 mm
over the duration of the study year (Table 4). While surface run-off depth followed the
same monthly pattern as precipitation, there was much greater variability between sites,
ranging from 5 mm to 114 mm total Q across study sites. The total surface run-off
volume (Vr) was also highly variable, with about two orders of magnitude difference
between catchments with the smallest (1,502 m®) and largest (189,960 m®) run-off
volumes (Table 5). Estimated potential evapotranspiration (PET) was nearly constant
across sites, with a mean total PET of 958 + 2 mm and most evapotranspiration occurring

from May — August 2018 (Table 6).

Water Level Variability (hourly)

The average water level depth across all sites was -11.8 + 8.4 cm at the wetland
boundary (Table 7), -5.4 + 6.6 cm within the wetland (Table 9), and -101 + 50.9 cm in
the adjacent upland (Table 10). At the wetland boundary, minimum water levels ranged
from -99.1 to -7.3 cm and nearly all sites experienced at least some period of inundation,
with maximum water levels ranging from -5.7 to 31.2 cm (Table 7). Most sites were
nearly always saturated, with an average percent saturation of 83 + 16% at the wetland
boundary. More than half the sites were always saturated or inundated (i.e., water level
depth > -30 cm), and only 4 sites were dry (i.e., water level depth < -30 cm) more than
5% of the time.

Wetland wells were also nearly always saturated, with a mean percent saturation
of 84 + 26%, and inundated more than 50% of the time at three sites. Only one wetland

well was ever dry (i.e., water levels lower than -30 cm; Table 9). In contrast, upland wells
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were rarely saturated, and dry more than 90% of the time at all but one site (Table 10).
The mean change in water level between monthly observations was 1.8 £ 1.2 cm within
the wetland, 4.4 + 4.3 cm at the wetland boundary, and 10.2 + 4.9 cm within the adjacent
upland. No significant relationships were detected for metrics of water table depth or
percent saturation at the wetland, upland, and boundary wells with respect to catchment
land use, slope, CN, P, or Q, and boxplots of mean hourly water level show no trends in
the quartile ranges or outliers with respect to increasing CN (Figure 2).

Water level variability, as indicated by the standard deviation (SD) and coefficient
of variation (CV), ranged from 1.2 to 16.3 cm and -3.0 to 3.1 cm respectively at the
wetland boundary (Table 7). Mean RB and WL A at the wetland boundary were -5.6 £ 5.3
and 3.6 = 1.3 cm respectively. Hourly changes in water level > 1 cm ranged from 1 to
15%, with a mean of 6 = 4%, and daily changes in water level > 5cm ranged from 0 to
29%, with a mean of 6 + 7%. No significant relationships were detected for any metric of
groundwater flashiness. However, there may be a subtle trend between WL A and CN (p =
0.13; Figure 3), as well as hourly changes in water level greater than 1 cm and CN (p =
0.08; Figure 4). Both WL A and changes in water level greater than 1 cm appear to
somewhat positively correlated with CN. While there is also a similar trend with respect
to Q, the significance of the correlation is even lower for both WL A (p = 0.16) and
changes in water level greater than 1 cm (p = 0.27). No significant relationships were

found between the calculated metrics of wetland hydrology and V.
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Water Level Model (15-day)

Results from the stepwise regression suggest that the following linear model
provides the best fit for predicting the depth to water level at all 15 wetlands:

Yie = Bo + BiXit + B2Yit—1 + BaXitVie—1 T Ei (Equation 11)
where, y;; is the water table depth (cm) of the ith wetland at time t; t and t-1 are the
current and previous time steps; x;; is the estimated catchment P-PET (mm) of the
preceding 15 days; f, is the intercept estimate; f3; is the coefficient estimate of the
variable x;;; B,is the coefficient estimate of the variable y;;_;; f3is the coefficient
estimate of the interaction term between x;; and y;;_;; and &;; is the error term. Residual
diagnostic plots indicated that residuals were normally distributed with equal variance
and Durbin’s h statistic indicated that residuals were not autocorrelated.

Predicted water levels matched the observed water levels reasonably well at most
wetlands, with a mean R? greater than 0.7 for each repeated 5-fold cross validation (Table
11). Test data residuals were also relatively low, with RMSE ranging from 3.26 — 10.98
across all cross-validation samples, representing 7-15% of the range of observed water
levels and < 11% on average for each repeated cross validation. The high R? and low
NRMSE of the repeated cross-validation indicate this model fits the data well and is likely
useful in predicting water level depths on new data (Alexander et al., 2015). Parameter
values of the full model used to predict water table depths are provided in Table 12.

Including the interaction term between the previous water level and P-PET (5)
provided a substantial improvement in model fit. An interaction plot of the water table
depth (WTD) against P-PET, grouped by the preceding WTD (mean = 1SD), shows that

the relationship between the change in water level and P-PET depends on the initial water
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level of the wetland (Figure 5). The slope of the relationship between WTD and P-PET
decreases with increasing initial water levels, indicating that the higher the initial water
level, the smaller the effect of P-PET, and the lower the initial water level, the greater the
effect of P-PET on the observed 15-day change in water level.

The full model (Eq. 11) was applied to estimate water table depths at each
wetland for the duration of the monitoring period. In addition to evaluating the overall
model fit, observed and predicted values were compared to evaluate the predictive
capacity of the model at each individual site. Time series and scatterplots of observed and
predicted water table depths are provided for all sites together (Figures 7-8), as well as
independently for each individual site (Figures 9-10).

Trends in observed water levels behaved as expected for groundwater driven
wetlands in the coastal plain (Figures 7, 9). At most sites water levels were low in
October 2017, likely as a result of evapotranspiration in the preceding summer/fall, then
began to slowly increase throughout the winter as rates of evapotranspiration declined.
Water levels rose quickly from May — June as a result of increased rainfall (Table 3),
followed by a substantial decline in late July/early August, likely a result of decreased
rainfall and increased evapotranspiration (Table 6). Water levels increased by about 8.2 +
10.9 cm across sites from the beginning to the end of the monitoring period. Ending
water levels were within £ 5 cm of their initial depth at about half of the sites, more than
5 cm above the initial depth at 7 sites, and more than 5 cm below the initial depth at only
1 site (Te in Figure 8). The observed mean water table depth ranged from -27.9t0 1.0 cm

across all sites, with an average mean water level of -12.5 + 8.6 cm (Table 13). The range
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of mean water table depth predictions were similar, ranging from -24.3 to -0.7 cm, with
an average mean water level of -12.5 £ 7.4 cm.

The water table depth model developed in this study requires the antecedent water
table depth as an input variable to predict the current water table depth at each 15-day
time step. In the initial model development, the water table depth observed in-situ was
used as the antecedent water table depth. However, since future water table depth
measurements are not available, in order to apply this model to predict future water
levels, model-predicted water levels must be used in place of in-situ observed water
levels as the antecedent water table depth. To evaluate model performance when using
predicted water levels, the full model (Eq. 11) was also applied to estimate water table
depths using the previously predicted water level in lieu of the previously observed water
level as the antecedent water table depth (y;:—1), hereafter referred to as the rolling
prediction. The range of mean water table depth predictions using the previously
predicted water level (i.e., rolling prediction) were somewhat less variable than the initial
predicted and observed water level depths, ranging from -21.6 to -8.8 cm, with an
average mean water level of -14.4 + 3.7 cm (Table 13). A two-sided, paired t-test
indicated there was no significant difference in mean water levels between observed and
predicted values for water level depth predictions using both the previously observed (p =
0.99) and previously predicted (p = 0.27) water table depth.

Although mean water levels were relatively consistent between predicted and
observed values, it appears that predictions of extremes may be somewhat less reliable,
particularly for the rolling predictions (Figures 7, 9). The minimum observed water levels

ranged from -85.5 to -5.2 cm, while the minimum predicted water levels ranged from -
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74.8 10 -8.6 cm and -39.1 to -19.9 cm for the initial and rolling predictions respectively.
Maximum observed water levels ranged from -19.5 to 23.3 cm, while the maximum
predicted water levels ranged from -4.2 to 15.9 cm and -3.8 to 3.4 cm for the initial and
rolling predictions respectively (Table 13). While the rolling prediction appears to
capture a smaller range of the minimum and maximum water levels, one-sided, paired t-
tests indicated that maximum observed water levels were not significantly greater than
predicted water levels for either the initial (p = 0.80) or rolling prediction (p = 0.41).
Minimum observed water levels were also not significantly less than predicted waters
levels (p = 0.21), though the probability is much lower, particularly for the rolling
prediction (p = 0.07), indicating that differences in the minimum predicted rolling level
may not be unimportant and that model estimates may fail to capture minimum water
level extremes.

Although mixed effect modeling indicated that little variance was explained by
site in this model, differences in the model fit between individual sites suggests there are
additional site-specific differences not captured by the model (Figures 9, 10). Paired t-
tests comparing the predicted and observed water levels for each site indicate that the
predicted and observed water levels were significantly different at 4 sites for the initial
prediction, and significantly different at 9 sites for the rolling prediction (Table 14).
However, the magnitude of differences was generally small, with a mean difference less
than +4 cm at all sites for the initial prediction, and less than £10 cm at nearly all sites for
the rolling prediction.

Times series plots for each site (Figure 8) demonstrate that predicted water levels

closely follow the observed water levels at nearly every site, with substantial divergences

165



at only 1 site (We). The rolling predictions also follow the observed water levels fairly
well at most sites, with moderate divergences at 3 sites (Bo, Cr, and TN), and substantial
divergences at 5 sites (Pu, Se, Te, Wa, and We). It appears that most divergences in the
rolling prediction occur as underpredictions from January — April, but that even where
predictions diverge from the observed WTD, they converge again by the end of the
monitoring period, from June — September. The slope of the relationship between
observed and predicted water table depths are similar for the initial and rolling prediction
at most sites, with notable differences at sites where winter water levels were
underpredicted as described above (Figure 9).

To further examine the capacity of the model to predict the flux in water level
between time steps, as opposed to absolute water levels at each time step, | also
calculated and plotted the 15-day change in water level (WTD at time t — WTD at time t-
1) for observed and predicted water levels at each headwater study site (Figure 10). These
time series plots illustrate that even when the model estimates of absolute water level
diverge from observed values, predictions of the magnitude of change in water level
between time steps follows trends in the observed changes very closely at most sites. This
suggests that substantial divergences between observed and predicted water levels (e.g.,
winter underpredictions) are generally a result of the model failing to capture an observed
change water level at a single timestep (e.g., increase in October to November WTD),
rather than consistently throughout the year/season. There were only substantial
differences between the observed and predicted changes in water levels at 1 site (We);
observed changes at this site were minimal (within = 3 cm and relatively constant

throughout the year), while predicted changes varied up to + 25 cm with substantial
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seasonal variability (Figure 10). This effect can also be seen in the time series plot of
absolute water levels, where the observed water table depth remains fairly constant over
time, despite variability of predicted water table depths (Figure 8).

Comparisons of the predicted and observed water tables depths across all sites
reveals additional trends in the model estimates of water table depth between the initial
and rolling predictions (Figure 6). In the initial prediction, using previously observed
water table depths in the model estimate, the predicted water levels maintain site-specific
variability across sites (Figure 6a). However, in the rolling prediction, using previously
estimated water table depths in the model estimate, water level predictions appear to
converge over time and much of this site-specific variability is lost (Figure 6b). The
lower R? value of 0.24 for the rolling prediction (vs. 0.74 for the initial prediction)
reflects this loss of site-specific variability (Figure 7). Without previously observed water
table depths to initiate each prediction, the rolling estimates of water table depth appear
to trend towards the median condition. Nonetheless, the rolling prediction still appears to

represent the average seasonal trends in water level changes across sites.

Future Precipitation, Temperature, and PET Projections

Based on the climate projection data analyzed in this study, under RCP 4.5, future
mean annual air temperatures in the lower York River watershed are expected to increase
2.5 °C by mid-century (2040-2069) and 2.8 °C by end-of-century (2070-2099), as
compared to the historical baseline (1950-2005). Under the RCP 8.5 scenario, mean
annual air temperatures are expected to increase 3.3 °C by mid-century and 4.8 °C by

end-of-century (Table 15). Mean annual precipitation from the historical baseline was
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1197 mm per year, with an expected increase of 149 mm by mid-century and 147 mm by
end-of century under RCP 4.5. Mean annual precipitation is also expected to increase
under RCP 8.5 (172 mm by mid-century), though the increase in precipitation is
somewhat less by end-of-century — only 116 mm as compared the historical baseline.
Estimated mean annual PET from the historical baseline was 943 mm, with an
estimated increase of 143 mm under RCP 4.5 and 257 mm under RCP 8.5 by end-of-
century (Table 15). In the baseline scenario, total annual precipitation was on average
236 mm greater than the estimated annual PET. And while precipitation is expected to
increase more than estimated PET by mid-century under both RCP scenarios, and end-of-
century under RCP 4.5, the average annual increase in P-PET is less than 25 mm.
However, by the end of the century under RCP 8.5, the estimated annual PET increased

more than expected precipitation, causing P-PET to decrease by more than 100 mm.

Future Water Table Dynamics

Estimates of water table depth under expected future climate conditions suggest
that climate change may considerably impact future water table dynamics at headwater
wetlands in the lower York River watershed, particularly under the RCP 8.5 scenario.
Time series plots of simulated 15-day water table depths are provided for each simulation
scenario, including the historical baseline (1950-2005; Figure 11), mid-century (2040-
2069), end-century (2070-2099) (Figure 12), and the monitoring period (2017-2018;
Figure 11). The mean annual estimated water table depth in the baseline scenario was -
17.0 cm (Table 16). Compared to the baseline scenario, the predicted mean annual WTD

increased slightly by mid-century (less than 1 cm under both RCP 4.5 and 8.5) but
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decreased 0.9 cm under RCP 4.5 and 5.8 cm under RCP 8.5 by end-century. However,
the mean annual minimum WTD decreased under all scenarios. Under the baseline
scenario, the predicted mean annual minimum water table depth was -38.9 cm; under
RCP 4.5 minimum water levels are predicted to decline -2.6 cm by mid-century and -5.5
cm by end-of-century, and under RCP 8.5 minimum water levels are predicted to decline
-0.7 cm by mid-century and -28.4 cm by end-of-century. Comparison of the average
annual mean and minimum water levels under RCP 4.5 and RCP 8.5, shows that mean
water levels are fairly consistent between climate scenarios, however towards the end of
the century, minimum annual water levels under RCP 8.5 begin to decline substantially
as compared to minimum annual water levels forecasted under RCP 4.5 (Figure 13).

Based on the predicted water table depths under the historical baseline scenario,
study site wetlands would have been saturated 88.7% of the year and rarely inundated
(0.6%; Table 16). By mid-century the expected percent saturation declines slightly (-
1.5% and -0.9% under RCP 4.5 and RCP 8.5 respectively), and the percent inundation
increases (1.3% and 1.7% under RCP 4.5 and RCP 8.5, respectively). By end-of-century
the expected percent saturation continues to decline, decreasing by 3.0% under RCP 4.5
and 10.4% under RCP 8.5 as compared to the baseline, and the percent of time dry

increases by 3.0% under RCP 4.5 and 9.6% under RCP 8.5.

Climate Scenario Projections as Compared to Monitoring Period
Annual weather conditions observed during the monitoring period used to fit the
water table depth model (2017-2018) were fairly consistent with the mean annual

conditions from the historic baseline scenario (Table 15). The observed temperature from
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Daymet surface water data was within 0.12°C of the mean air temperature of the
historical baseline. Observed precipitation was 45 mm greater than the baseline scenario,
and the estimated total annual PET was only 2 mm greater than in the baseline scenario.
Total P-PET estimated for the monitoring period was 279 mm (e.g., 43 mm greater than
the mean annual P-PET in the historical baseline).

Given this increase in P-PET, the water table dynamics predicted from Daymet
surface weather data corresponding to the observational study period (2017-2018), were
somewhat more saturated than in the historical baseline scenario. Mean water table depth
was -16.4 cm (0.7 cm higher than estimated for the historic baseline), and the average
minimum water table depth was -28.3 cm (10.7 cm higher than the baseline scenario;
Table 16). The estimated average percent saturation was also 8.0% percent longer and
percent of time dry was 8.9% shorter from 2017-2018 as compared to the mean

conditions of the baseline scenario.

DISCUSSION
Water Level Variability (hourly water level dynamics)

Given the well-established link between upland land cover and wetland hydrology
(Ehrenfeld, 2000; Faulkner, 2004), | expected to find a correlation between catchment
run-off (CN and Q) and metrics of wetland hydrology. Conversion of forested and natural
landcovers to urban, suburban, and agricultural land uses is frequently associated with
increases in stream flashiness and decreases in baseflow as a result of increased surface
runoff (Hirsch et al., 1990; Poff et al., 1997). While less work has been done to evaluate

the impacts of land use change in coastal headwater wetlands, in a recent study of
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headwater wetlands in coastal Alabama, Barksdale et al. (2014) found evidence of a shift
from groundwater towards more surface water driven wetlands in converted watersheds.
While | expected to find an increase in groundwater flashiness (e.g., a rapid peak and
return to baseflow following precipitation events) at sites with increasing impervious
cover and runoff potential (CN), any possible trends between CN and relevant metrics of
groundwater flashiness were only weakly correlated. Both WL A and changes in water
level greater than 1 cm appear to be somewhat positively related to CN (Figures 3, 4),
indicating that headwater wetlands with higher CN are somewhat more surface water
driven than similar wetlands in lower runoff catchments. Although the lack of correlation
between catchment runoff and flashiness of the corresponding headwater wetlands was
unexpected, it is not unreasonable given the similar land use and limited range of CN and
across the study catchments (Table 2). Furthermore, the effect of upland land use on
wetland hydrology may also be somewhat mitigated by the subtle topography of the
coastal plain as compared to steeper regions, where urbanization may have a greater

impact (Barksdale et al., 2014; Utz et al., 2009).

Water Level Model (15-day water level dynamics)

The general linear model developed here can be applied to predict 15-day water
table depths, for any groundwater-driven, forested headwater wetland in the coastal plain
of Virginia. The final model predicts changes in wetland hydrology as a function of only
three factors, precipitation (P), potential evapotranspiration (PET) and the previously
observed or predicted water table depth (WTD). The elegant simplicity of this approach

makes it a valuable tool for scientists and resource managers interested in how changing
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weather and climate conditions may impact the water table dynamics of headwater
wetlands in the coastal plain. Water table depths can be fairly easily simulated and
compared for a variety of climate change scenarios and GCMs to evaluate a range of
potential future conditions in the hydrologic regime of headwater wetlands.

The stepwise regression procedure indicated that only P-PET, the antecedent
water table depth, and the interaction between these parameters were significant
predictors of current water table depth. No metrics of catchment geomorphology or land
cover were found to be significant predictors, and mixed effect modeling indicated that
little variance (< 5%), could be explained by site. Differences between the observed and
predicted water table depths (Figures 9, 10) are likely a result of the simplicity of the
model and site-specific differences not captured by a general model of headwater wetland

water table dynamics.

Differences in Predictive Capacity of Water Table Model Between Sites

While some studies of wetland water table dynamics have suggested that wetland-
specific hydrologic models may be necessary to represent the varying hydrologic regimes
of different wetland types and management practices (Zhu et al., 2017), others have
found that a single general model was sufficient to represent the water table dynamics of
multiple wetlands within narrow geographic and topographic constraints (Greenberg et
al., 2015). Given the similarity in landscape position and topographic setting of the
wetlands in this study, it is not surprising that there was little variability in the hydrologic

response to climatic and hydrologic parameters between sites.
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Model fit statistics from repeated cross-validation of the full model (mean R?
greater than 0.7, and nRMSE < 11%) indicate that overall, the general linear model fits
well and should be useful in predicting water level depths on new data. While most sites
are reasonably well represented by the full model (R? > 0.7 at 6 sites and 0.5 — 0.7 at 4
sites), R? values were less than 0.5 at five sites (Fe, Se, TS, Wa, and We). At three of
these sites (Fe, Se, We) it appears that the observed fluctuations in water table depth are
smaller than predicted water level changes for at least part of the year, while at sites TS
and Wa, observations of substantial water level changes occur slightly before similar
predictions of changes in water level. Differences between observed and predicted water
levels are likely a result of the model simplicity, and an incomplete characterization of
local hydrologic conditions which may be better represented by more complex, process-
based models.

However, the magnitude of differences between predicted and observed values
were generally small. Observed water levels were only significantly different from the
initial predicted water levels at 4 sites, with a mean difference less than 4 cm at all sites
(Table 14). For most applications (e.g., percent of time saturated), the relatively small
magnitude of differences between predicted and observed water levels are not practically
significant. Even for the rolling prediction where predicted water levels deviated further
from observed water levels in the winter/spring, mean differences were less than £10 cm
at nearly all sites. This would likely have little impact on the determination of saturated
conditions (water levels > -30 cm) at headwater wetlands under current conditions, where
mean water levels were well within this range (> -20 cm) at nearly all of the study sites

(Table 13). Though this could have a greater impact on determinations of wetland
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saturation in simulations of water levels under future conditions, particularly towards the
end of the century, where mean water table depths are predicted to fall about 5 cm below
the historical baseline, and minimum water table depths are predicted to fall nearly 30 cm
below the historical baseline under the RCP 8.5 scenario (Table 16).

The benefit of developing a single model to simulate water table dynamics from a
representative sample of headwater wetlands in the coastal plain, is that this approach can
be used to estimate water levels at any wetland within a similar geographic and
topographic setting. The full model intentionally limits the complexity of factors
affecting groundwater movement to and from wetlands. While this approach overlooks
water balance components other than precipitation and evapotranspiration (e.g., runoff
and groundwater flow) that also influence wetland water table dynamics and the innate
site-specific variability between individual headwater sites, it appears to be an efficient
approach to simulate the general historical and future water table dynamics of headwater

wetlands throughout the study area.

Differences between Initial and Rolling Prediction

Comparisons of the observed and predicted water levels show that model
estimates of water table depth using previously observed water levels as a regression
parameter maintain much of the site-specific differences in water table dynamics between
sites, while model estimates of water table depth using the previously estimated water
table depth appear to converge over time (Figure 6). Without previous water table
observations to calibrate future predictions, it appears that the rolling predictions tend

towards median water levels, and that sites with water level dynamics diverging from
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average conditions may be less well represented by this approach. For short-term (e.g.,
15-day) estimates of water table depth, incorporating a previous measurement of water
table depth can help improve model estimates. However, for many locations and future
conditions, where previously measured observations are unavailable, the rolling approach
(e.g., using previously estimated water table depths), can be used to approximate average

water level fluctuations at headwater wetlands.

Predicted Baseline Water Level Dynamics

Long-term, frequently observed water level data from wetlands in the
Southeastern US are rare, and long-term monitoring data for headwater wetlands in the
coastal plain of Virginia could not be found. In this study, a simple empirical model to
predict future water levels at headwater wetlands was developed based on one year of
monitoring data from 15 headwater sites (2017-2018). While the short duration of this
study limited the range of potential weather conditions in the study area (e.g., both wet
and dry years), the relatively large number of study sites captured a wide variety of water
level responses to the weather conditions observed during the study period. The weather
conditions during the monitoring period were well within the range of expected
precipitation and evapotranspiration for coastal Virginia, with 1220 mm of precipitation
and nearly 80% (945 mm) returned to the atmosphere as evapotranspiration (Table 15).
The total precipitation and evapotranspiration estimated for the monitoring period were
also similar to the mean annual expected precipitation (1179 mm) and evapotranspiration

(943 mm) under the historical baseline (1950-2005) in the study area, indicating that the
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meteorological and water level data collecting during the monitoring period is likely
representative of typical hydrologic conditions in the study area.

Simulated water table dynamics estimated from Daymet data during the
monitoring period (2017-2018) are also well within the range of water table depths
estimated for headwater wetlands under historical baseline conditions (1950-2005; Figure
11). However, given the moderate increase in P-PET observed during the monitoring
period (43 mm; Table 15), estimated water levels were towards the upper range of
expected values under baseline conditions, with a mean water level 0.65 cm higher than
the average historical annual mean WTD (-17.0 cm) and a minimum water level 10.67
cm higher than the average historical annual minimum WTD (-38.9 cm; Table 16).
Simulated water levels were also similar to the average mean and minimum monthly
water levels observed at the wetland boundary wells during the monitoring period (-11
cm and -23 cm respectively; Table 8), indicating that watershed-based estimates of water

level dynamics also effectively represent the observed average site level conditions.

Predicted Future Water Level Dynamics

Based on the MACA downscaled climate projections from the MIROC5 GCM,
mean atmospheric temperature is expected to increase by 2.5 °C by mid-century under
RCP 4.5, and 3.3 °C under RCP 8.5, as compared to the historical baseline in the study
area. By the end of the century, there is greater variability in expected future changes in
temperature depending on the climate scenario, increasing by 2.8 °C under RCP 4.5 and

4.8 °C under RCP 8.5 (Table 15). As a result, there is also greater variability in simulated
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water table depths between climate scenarios by the end of the century (2070-2099) as
compared to mid-century (2040-2069).

By mid-century under RP 4.5 and 8.5, and end-of-century under RCP 4.5,
expected mean annual increases in precipitation are greater than estimated mean annual
increases in PET, resulting in a net positive change in the mean annual P-PET as
compared to the historical baseline (Table 16). As a result, by mid-century there is a
small increase in the mean annual WTD (0.7 cm under RCP 4.5, and 0.4 cm under RCP
8.5). However, despite the increase in P-PET and mean annual WTD, the minimum
annual WTD is forecasted to decrease -2.7 cm under RCP 4.5 and -0.7 cm under RCP
8.5). The decline in annual minimum water levels is likely a result of enhanced
seasonality in water table dynamics (e.g., increased summer drawdown in the water table
due to increased summer evapotranspiration; Figure 11).

However, given the expected increase in atmospheric temperature by the end of
the century under RCP 8.5, mean annual PET is estimated to increase by 257 mm, far
exceeding the expected 116 mm increase in the total annual P. Simulations of future
water table dynamics suggest that this may have a moderate impact on mean annual water
levels, decreasing by up to -5.8 cm, and a substantial impact on minimum annual water
levels, decreasing by up to -28.4 cm by the end of the century. The predicted change of
future mean water levels under RCP 8.5 (-5.8 cm), is similar to the estimate of minimum
annual water levels under RCP 4.5 (-5.5 cm), indicating that by the end of the century,
the climate scenario may have a substantial impact on changes in the water level

dynamics and hydroperiod of headwater wetlands. Based on these simulations, by the end
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of the century the percent of time dry at headwater wetlands in the study area would
increase by about 3% - 10% annually depending on the climate scenario.

Water table dynamics play an important role in the potential impacts of climate
change on the form and function of headwater wetlands. Even when the overall climate
conditions may appear to be suitable for a species, the hydrologic regime may be
significantly altered, such that it may no longer be sufficient to support the existing plant
community and ecosystem function (Dawson et al., 2003). Given the expected changes in
mean annual water levels and percent saturation, the hydrologic regime of existing
headwater wetlands would likely still be sufficient to meet the minimum hydrologic
criteria for wetland delineation, requiring that wetland water levels be within 30 cm of
the ground surface for at least 2 weeks during the growing season. However, even
moderate changes in mean water level conditions may be sufficient to facilitate a change
in plant community composition, making conditions more suitable for more upland-type
species (Burkett & Kusler, 2000). Results from this study demonstrate that changes in
minimum water levels in headwater wetlands may far exceed changes in mean water
levels, and that even with an increase in P-PET, minimum water levels may still decline
due to enhanced seasonality of hydrologic cycles.

Even if water level changes do not impact the community composition or extent
and distribution of headwater wetlands, changes in hydroperiod may alter their function
and capacity to provide important ecosystem functions such as nutrient cycling (D. L. J.
Alexander et al., 2015; Dodds & Oakes, 2008; Peterson et al., 2001) and habitat
provisioning (Freeman et al., 2007). Altered hydrologic regimes may also result in

decreased connectivity between headwaters and downstream systems, limiting and/or
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altering the export of critical materials such as invertebrates, organic matter and woody
debris (Barksdale et al., 2014; Wipfli et al., 2007; Wipfli & Gregovich, 2002). The
decrease in water table depths and increased periods of drying predicted by the end of the
century could also alter the biological diversity of headwater and downstream systems by
increasing the isolation of aquatic species and reducing dispersion along aquatic networks
(Brooks, 2009; J. L. Meyer et al., 2007). Thus, understanding both expected future
climate conditions and water level dynamics, beyond changes in mean water level, is
critical to evaluate the potential impacts of climate change on the distribution, structure,
and function of headwater wetlands. The straightforward, empirical model of 15-day
water level dynamics developed in this study, can provide important insight on potential
future changes in the seasonality and variability of water levels necessary to evaluate the
potential consequences of changing water table dynamics of headwater wetlands in the

coastal plain of Virginia.

Uncertainty

In this study, | developed a single empirical model to simulate the water table
dynamics of coastal plain headwater wetlands under current and future conditions.
Although this appears to be an efficient approach to simulate historical and future water
levels for a range of weather and climate scenarios, it does not account for the full range
of physical processes that drive the hydrologic regime of headwater wetlands. In this
model, changes in water level are forced primarily by precipitation (P) and potential
evapotranspiration (PET); the effects of other water budget components (e.qg., surface and

sub-surface flow), which may be better represented by physical hydrologic models, are
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only indirectly accounted for the by the model coefficients. Other physical processes that
also influence wetland hydrology, such as the influence of increased atmospheric CO>
concentrations on plant water use efficiency (i.e., decreased transpiration) (Swann et al.,
2016), are also not accounted for. Additionally, other climate relevant hydrologic drivers,
such as sea level rise, may slow, stabilize (remove some seasonal variability), or increase
water table depths under future climate scenarios, despite the decline in water table

depths predicted in this study.

GCM Selection

In addition to the uncertainty associated with the application of a single empirical
model to predict water table dynamics for multiple wetlands, there are also uncertainties
associated with future climate change data. In this study, | used one of many available
GCM s to illustrate how a simple model of wetland hydrology can be used to evaluate the
implications of climate projections on future dynamics of wetland hydrology; the results
reported here do not suggest these reported scenarios will actually occur. Different
GCMs, future emissions scenarios, and downscaling methods can produce considerably
different climate projections, particularly for localized applications where the entire study
area may fall within a single GCM grid cell.

MACA downscaled climate projections for the MIROC5 GCM were selected in
this study, as previous work has shown that MIROCS lies in the center of the distribution
of the MACA downscaled GCM ensemble for the Chesapeake Bay watershed, with
respect to changes in spring precipitation and summer temperatures in the year 2050 (as

compared 1980-2010) (Maria Herrmann, personal communication, January 29, 2020).
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These seasonal changes may play a critical role in influencing and/or altering future
wetland hydrology. However, MIROC5 may not be the best representative choice (e.g.,
central model) for projections towards the end of the century or other seasons also
evaluated in this study. A more robust approach to project future water table dynamics of
headwater wetlands in the coastal plain of Virginia may include 1) Re-evaluating the
central model for the seasons, timeframes, and area of interest, or 2) Assembling climate
data from multiple downscaled GCMs and calculating the average change in simulated

level dynamics on the set of models (Hessami et al., 2008; Zhu et al., 2017).

Potential Evapotranspiration

In the southeastern United States, evapotranspiration returns a large proportion
(50-80%) of precipitation to the atmosphere (Lu et al., 2003). In this region small
changes in precipitation and evapotranspiration can have a substantial impact on
streamflow and ecosystem processes, particularly in coastal regions where
evapotranspiration strongly influences surface and groundwater flow patterns. Yet,
estimates of PET may be an important source of uncertainty in projections of future water
table dynamics, regardless of GCM selection. There are nearly 50 different methods to
estimate PET, all of which can provide significantly different results depending on their
assumptions, data requirements, and intended regional application (Lu et al., 2005).

Physically based PET equations, such as the Penman-Monteith equation (Allen et
al., 1998) recommended by the Food and Agricultural Organization of the United Nations
(FAOQ), directly incorporate the relevant meteorological variables which control

evapotranspiration (e.g., net radiation, relative humidity, wind speed, temperature, and
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vegetation characteristics). Insufficient meteorological data often prevent the use of the
Penman-Monteith equation, particularly for downscaled climate projections, necessitating
the use of simplified empirical methods such as temperature- and radiation-based PET
equations. However, recent studies have questioned whether such empirical, temperature-
based equation will hold true under future climate scenarios in which they are
uncalibrated (Kingston et al., 2009; McAfee, 2013).

In this study, I applied the Hamon method to estimate PET, as recommended for
the Southeastern United States (Lu et al., 2005), and applied in previous studies of water
table dynamics in the Southeastern United States under past (Sun et al., 2002) and future
conditions (Zhu et al., 2017). Temperature-based equations such as Hamon, generally
show increasing evapotranspiration with increasing temperature. These methods do not
account for additional variables which may mitigate or exacerbate future estimates of
PET. For example, regional decreases in incoming shortwave radiation by the end of the
21%t century may compensate for the influence of increasing temperature on estimated
PET, potentially reducing PET even as global temperatures rise (McAfee, 2013). Such
differences could lead to substantial discrepancies (both in the magnitude and direction)
of future estimates of PET depending on the choice of PET method (Kingston et al.,
2009; McAfee, 2013). Given that PET appears to be a critical variable influencing current
and future water table dynamics in headwater wetlands, future assessments of changes in
wetland hydrology should also consider the uncertainty associated with the selection of

PET methods.
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CONCLUSIONS

The empirical model of water table depth developed in the study can be applied to
simulate water table dynamics of headwater wetlands in the coastal plain of Virginia.
Using just three variables, including the antecedent water table, precipitation, and
evapotranspiration, this model provides a simple and efficient tool to evaluate the
potential implications of climate change on headwater wetland hydrology. Based on the
single GCM examined in this study, decreasing water availability under RCP 8.5 may
lead to drier conditions by the end of the 21% century. Drier conditions may also occur by
the end of the century under RCP 4.5, despite a moderate increase water availability,
likely as a result of enhanced seasonality of evapotranspiration. However additional
GCMs should be analyzed to more fully evaluate the potential impact of climate change
on future water table dynamics in coastal plain headwater wetlands.

Simple empirical models, such as the water table depth model developed in this
study, can provide critical information needed by land managers and other natural
resource professionals on the potential future water table dynamics of headwater
wetlands for a variety of climate scenarios. When coupled with additional information
such as the water level thresholds and hydroperiod requirements for various species and
biogeochemical processes, this information can be applied to enhance the conservation

and management of headwater water wetlands and the species that depend upon them.
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Table 1. Determination of curve number (CN) based on the Virginia Land Cover Dataset
land cover classes. For more information regarding cover types, see VGIN (2016) and
SCS (1986).

VGIN Landcover Classification

TR-55 Cover Type

CNfor corresponding
Hydrologic Soil Group

A B C D
11 Open Water Water 100 100 100 100
21,22 Impervious Impervious, paved 98 98 98 98
31 Barren Fallow, Bare Soil 77 86 91 94
41 Forest Woods, Good 30 55 70 77
42 Tree Woods, Fair 36 60 73 79
51 Shrub/Scrub Brush, Fair 35 56 70 77
61 Harvested/Disturbed Woods, Poor 45 66 77 83
71 TurfGrass/Herbaceous Open Space, Good 39 61 74 80
81 Pasture Pasture, Grassland, Fair 49 69 79 84
82 Cropland Row Crops, SR, Good 67 78 85 89
91 NWI/Other Wetlands Wetlands/Water 100 100 100 100
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Table 2. Catchment land cover characteristics and CN for headwater wetland study sites.

Percent Land Cover

Site Catchment CN
Area (ha) Forest  Agriculture Impervious Wetland

Bo 168.06 61.55 0.07 3.76 28.30 79.31
Cr 48.67 87.84 0.00 3.54 6.99 65.64
Fe 18.77 73.14 3.76 7.75 5.88 68.20
Fl 50.65 78.33 0.00 6.17 2.46 56.99
Po 92.44 45.77 43.83 3.21 2.23 70.41
Pu 128.64 86.53 6.61 1.81 3.72 68.59
Ri 33.01 89.53 6.07 0.95 3.43 61.98
Se 25.98 80.17 10.05 3.36 3.19 70.05
Si 22.87 75.38 6.85 6.33 3.74 65.83
Sk 49.82 58.01 1.60 10.44 5.30 71.77
TN 47.46 95.59 0.00 1.29 2.55 65.58
TS 16.22 94.90 0.00 1.05 4.01 65.16
Te 33.00 88.38 0.00 3.67 0.97 4494
Wa 44.61 93.66 3.62 0.77 1.86 71.80
We 6.16 99.85 0.00 0.00 0.00 65.33
Mean 52.42 80.57 5.50 3.61 4.98 66.11
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Table 3. Estimated monthly and total precipitation (P) for study site catchments (Sep 2017 — Aug 2018).

P(mm)

Site
Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug  Total

Bo 49 102 31 51 121 55 83 69 154 127 248 131 1221
Cr 53 126 30 38 103 41 57 79 259 135 243 134 1298
Fe 50 121 27 42 115 50 65 78 224 120 240 116 1248
Fl 71 108 30 38 114 53 76 71 206 165 243 163 1338
Po 73 111 32 36 102 49 72 73 219 166 212 169 1314
Pu 72 115 29 39 108 53 72 72 217 150 240 188 1355
Ri 76 113 37 35 101 54 63 75 216 193 213 157 1333
Se 66 119 34 35 80 47 56 77 276 163 216 129 1298
Si 50 124 26 40 112 44 58 80 252 131 255 130 1302
Sk 45 122 33 44 134 49 67 84 199 112 267 169 1325
TN 49 125 27 40 109 43 57 79 256 134 255 133 1307
TS 50 123 25 39 109 43 59 78 253 134 254 201 1368
Te 73 107 31 37 110 52 74 67 211 161 224 165 1312
Wa 60 119 32 39 88 46 57 77 267 144 224 122 1275
We 75 111 33 37 105 53 73 72 211 187 219 170 1346
Mean 608 1164 305 393 1074 488 659 754 228.0 1481 2369 151.8 1309.3
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Table 4. Estimated monthly and total surface run-off depth (Q) for study site catchments (Sep 2017 — Aug 2018).

Q(mm)
Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug  Total

Site

Bo 30 83 0.6 71 94 05 4.5 7.0 121 127 399 8.0 113.0
Cr 07 32 01 1.0 15 0.0 0.1 1.8 22.8 4.9 26.7 5.2 67.9
Fe 11 46 01 1.7 25 0.0 0.2 2.3 16.5 3.4 29.2 4.4 66.0
Fl 05 03 0.0 02 04 00 0.0 0.5 4.4 4.8 7.4 0.6 19.1
Po 31 39 01 14 23 0.0 0.6 2.6 21.8 18.7 195 6.4 80.3
Pu 23 38 01 1.3 26 0.0 0.4 2.5 16.3 8.8 234 8.3 69.7
Ri 15 13 0.0 03 03 00 0.1 0.9 123 143 104 3.4 44.7
Se 29 48 0.1 1.3 1.7 0.0 0.4 3.0 440 18.2 247 7.9 109.1
Si 06 36 01 1.2 18 0.0 0.1 1.9 20.6 3.7 28.1 5.9 67.6
Sk 1.0 59 04 20 65 0.0 0.6 3.0 13.9 3.1 391 123 87.7
TN 05 34 01 11 16 0.0 0.1 1.8 21.2 3.9 27.7 5.9 67.4
TS 05 32 00 11 15 0.0 0.1 1.6 19.7 3.6 264 170 74.8
Te 00 00 00 00 0.0 0.0 0.0 0.0 0.8 1.8 2.0 0.0 4.6
Wa 25 56 01 20 28 0.0 0.5 3.5 425 13.0 334 8.0 113.8
We 19 18 0.0 06 1.1 0.0 0.1 14 13.0 147 129 3.7 513
Mean 15 36 0.1 15 24 0.0 0.5 2.3 18.8 8.6 234 6.5 69.1
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Table 5. Estimated monthly and total surface run-off volume (Vi) for study site catchments (Sep 2017 — Aug 2018).

Vi (m3)
Site
Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Total
Bo 5,259 13901.2 9581 11,951.3 15,750.2 840.5 7,530.5 11,833.7 20,372.7 21,280.4 67,051.8 13,464.1 189,960.4
Cr 3455 1,5719 29.2 491.5 725.1 0.0 43.8 885.7 11,1054 2,360.3 12,9985 2,506.3  33,063.1
Fe 208.2 853.3 15.0 313.2 470.7 0.0 45.0 437.0 3,092.7 643.3 5,472.6 819.6 12,370.6
Fl 227.9 172.2 0.0 1114 187.4 0.0 0.0 227.9 2,238.4 2,420.7 3,757.7 314.0 9,657.7
Po 2,837.8 35773 924 1,257.1  2,089.1 0.0 526.9 2,440.3 20,188.1 17,276.4 18,052.8 5,925.2  74,263.4
Pu 2,971.9 4,9403 643 1,621.0 3,383.6 0.0 450.3 3,242.1 20,906.4 11,373.1 30,066.6 10,614.0 89,633.6
Ri 501.8 416.0 0.0 102.3 85.8 0.0 23.1 303.7 4,064.2 4,711.3 3,4204 1,1225 14,751.2
Se 750.9 1,239.4 234 340.4 439.1 0.0 103.9 789.9 11,4434 4,731.7 6,423.3 2,060.5 28,346.1
Si 139.5 832.2 13.7 267.5 402.4 0.0 22.9 425.3 4,707.5 850.5 6,431.4 1,355.8 15,448.6
Sk 498.3 2,929.7 1794  971.6 3,248.6 0.0 294.0 1,514.7 6,925.7 1,5446 19,481.7 6,103.6 43,691.7
TN 251.4 1,593.8 285 536.0 768.5 0.0 42.7 853.8 10,075.2 1,8689 13,1443 12,7939  31,957.1
TS 85.8 523.0 3.2 174.9 239.6 0.0 13.0 265.5 3,189.7 584.5 4,279.3  2,746.0  12,104.5
Te 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 254.2 594.2 650.3 33 1,502.1
Wa  1,093.3 2,499.0 625 874.7 1,254.0 0.0 200.8 1,570.8 18,956.8 5,810.2 14,922.7 3,556.6 50,801.3
We 119.1 111.0 0.6 39.5 67.2 0.0 8.6 87.0 802.0 905.0 794.0 228.9 3,162.9
Mean 1,003.8 2,3440 980 1,270.2 1,940.8 56.0 6204 1,658.5 9,221.5 51303 13,796.5 3,5743 40,7143
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Table 6. Estimated monthly and total potential evapotranspiration (PET) for study site catchments (Sep 2017 — Aug 2018).

PET(mm)

Site
Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug  Total

Bo 98 75 44 31 29 42 43 66 119 133 141 138 959
Cr 98 75 43 31 29 41 43 67 120 133 141 138 959
Fe 98 75 43 31 29 41 43 67 120 134 141 138 959
Fl 98 75 43 31 29 41 43 66 119 133 141 137 955
Po 98 75 43 31 29 41 43 66 120 133 141 138 957
Pu 98 75 43 31 29 41 43 66 120 133 141 138 959
Ri 98 75 43 31 29 41 43 66 120 133 140 137 955
Se 98 75 43 31 29 41 43 67 120 133 141 138 958
Si 98 75 43 31 29 41 43 66 120 133 141 138 958
Sk 98 75 43 31 29 41 43 66 120 133 141 138 960
TN 98 75 43 31 29 41 43 67 120 133 141 138 959
TS 98 75 43 31 29 41 43 67 120 133 141 138 959
Te 98 75 43 31 29 41 43 66 120 133 141 138 958
Wa 98 75 43 31 29 41 43 67 120 133 141 138 959
We 98 75 43 31 29 41 43 66 120 133 141 138 956
Mean 60.8 1164 30.5 393 1074 488 659 754 1228.0 1481 2369 151.8 1309.3
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Table 7. Hydrologic characteristics of headwater wetland study sites, including water level (mean, min, and max), and water
level variability (SD and CV) in cm. Percent inundated, saturated, and dry refer to the percent of time where water levels were
> 30 cm, -30 to 0 cm, and < -30 cm respectively. Flashiness (i.e., rate of change in water level) at each site is summarized by a
modified Richard-Baker (RB) index score and mean water level rate of change (WLA), as well as the percent of observations
with an hourly change in water level > 1cm and daily change in water level > 5cm.

Sitet. Mean  Min Max SD  cv  Inundate Saturated  Dry RB WL A Hourly Flux>  Daily Flux >

(cm) (cm) (cm) d (%) (%) (cm) lcm (%) 5cm (%)
(%)
Bo -11.0 -99.1 3.9 143 -13 0.01 0.90 0.09 3.48 3.8 0.10 0.06
Cr -12.1 -46.5 23 4.9 -0.4 0.00 0.98 0.02 3.40 4.1 0.07 0.04
Fe -24.8 -54.1 10.2 6.1 -0.3 0.00 0.93 0.07 2.44 6.0 0.15 0.07
Fl -20.4 -43.5 0.5 7.6 -0.4 0.00 0.89 0.11 1.40 2.9 0.04 0.05
Po -4.4 -36.0 6.6 7.5 -1.7 0.23 0.77 0.01 6.58 2.9 0.05 0.04
Pu -12.1 -37.3 4.8 7.3 -0.6 0.00 0.96 0.03 3.24 3.9 0.08 0.07
Ri -10.0 -21.4 12.0 8.9 -0.9 0.17 0.83 0.00 1.47 1.5 0.01 0.00
Se -4.1 -10.1 12.4 2.9 -0.7 0.10 0.90 0.00 8.22 3.4 0.03 0.01
Si -25.0 -77.5 0.2 16.3 -0.7 0.00 0.70 0.30 2.11 53 0.10 0.29
Sk -11.9 -47.3 20.7 7.1 -0.6 0.04 0.94 0.03 4.28 51 0.12 0.12
TN -1.8 -45.5 21.5 5.4 -3.0 0.30 0.68 0.01 17.71 3.7 0.04 0.01
TS -16.2 -30.5 31.2 10.0 -0.6 0.09 0.91 0.00 2.85 4.6 0.07 0.10
Te 1.2 -7.3 28.2 3.7 3.1 0.62 0.38 0.00 16.87 2.0 0.01 0.00
Wa -3.5 -12.5 6.9 4.4 -1.2 0.28 0.72 0.00 8.87 3.1 0.02 0.01
We -21.5 -24.9 -5.7 1.2 -0.1 0.00 1.00 0.00 0.73 1.6 0.02 0.00
Mean -11.8 -39.6 10.4 7.2 -0.6 0.12 0.83 0.04 5.58 3.6 0.06 0.06
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Table 8. Summary of monthly water level measurements from wetland boundary wells, including water level (mean, min, and
max), and water level variability (SD and CV) in cm. Percent inundated, saturated, and dry refer to the percent of observations
where water levels were > 30 cm, -30 to 0 cm, and < -30 cm respectively. Monthly change in water level is reported as the
mean change in water level (cm) as well as the percent of observations with a change greater than 1 and 10 cm.

Site Mean Min Max - oV Inundated Saturated  Dry Monthly Change in Water Level
(cm) (cm) (cm) (%) (%) (%) Mean (cm) >1cm (%) >10cm (%)

Bo -9.8 -33.2 -2.0 9.3 -1.0 0.00 0.92 0.08 4.08 0.64 0.09
Cr -11.5 -19.7 -6.3 3.9 -0.3 0.00 1.00 0.00 3.68 0.64 0.09
Fe -24.4 -28.7 -11.9 4.8 -0.2 0.00 1.00 0.00 3.9 0.64 0.18
Fl -19.1 -32.5 -6.8 7.8 -0.4 0.00 0.92 0.08 3.05 0.73 0.00
Po -2.1 -12.8 2.1 4.2 -2.0 0.42 0.58 0.00 2.11 0.73 0.00
Pu -9.9 -22.0 -4.1 5.6 -0.6 0.00 1.00 0.00 2.58 0.73 0.00
Ri -9.5 -194 9.6 9.5 -1.0 0.17 0.83 0.00 3.52 0.73 0.09
Se -3.8 -7.6 1.5 2.8 -0.7 0.08 0.92 0.00 3.11 0.82 0.00
Si -24.8 -55.0 -3.2 17.4 -0.7 0.00 0.67 0.33 12.21 1 0.36
Sk -11.1 -16.1 -6.4 2.6 -0.2 0.00 1.00 0.00 2.49 0.55 0.00
TN -1.3 -6.9 1.7 2.1 -1.7 0.17 0.83 0.00 1.68 0.55 0.00
TS -18.7 -50.0 25.3 17.0 -0.9 0.08 0.83 0.08 16.7 0.82 0.55
Te 1.2 -5.2 8.9 4.3 3.5 0.58 0.42 0.00 2.66 0.64 0.00
Wa -2.8 -8.3 3.6 4.5 -1.6 0.42 0.58 0.00 2.98 0.82 0.09
We -22.0 -25.3 -20.5 1.6 -0.1 0.00 1.00 0.00 1.02 0.55 0.00
Mean  -11.3 -22.8 -0.6 6.5 -0.5 0.13 0.83 0.04 4.38 0.71 0.10
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Table 9. Summary of monthly water level measurements from wetland wells, including water level (mean, min, and max), and
water level variability (SD and CV) in cm. Percent inundated, saturated, and dry refer to the percent of observations where
water levels were > 30 cm, -30 to 0 cm, and < -30 cm respectively. Monthly change in water level is reported as the mean
change in water level (cm) as well as the percent of observations with a change greater than 1 and 10 cm.

Site Mean Min Max - oV Inundated Saturated  Dry Monthly Change in Water Level
(cm) (cm) (cm) (%) (%) (%) Mean (cm) >1cm (%) >10cm (%)

Bo -2.2 -7.9 0.6 24 -1.1 0.17 0.83 0.00 1.86 0.64 0.00
Cr 0.1 -1.5 2.1 1.0 12.6 0.54 0.46 0.00 0.71 0.17 0.00
Fe -5.6 -7.7 -1.7 1.9 -0.4 0.00 1.00 0.00 1.67 0.64 0.00
Fl -8.4 -17.3 -0.4 4.7 -0.6 0.00 1.00 0.00 3.84 0.82 0.00
Po NA NA NA NA NA NA NA NA NA NA NA
Pu -4.6 -6.9 -2.4 1.5 -0.3 0.00 1.00 0.00 1.01 0.36 0.00
Ri -4.6 -6.9 -2.4 1.5 -0.3 0.00 1.00 0.00 1.01 0.36 0.00
Se -5.9 -21.7 -1.2 53 -0.9 0.00 1.00 0.00 3.33 0.64 0.09
Si -8.1 -12.6 -4.2 2.9 -0.4 0.00 1.00 0.00 1.68 0.55 0.00
Sk -0.2 -1.7 1.0 0.9 -4.9 0.58 0.42 0.00 0.89 0.27 0.00
TN -25.3 -34.8 -17.1 5.0 -0.2 0.00 0.83 0.17 3.99 0.73 0.18
TS NA NA NA NA NA NA NA NA NA NA NA
Te -0.7 -2.2 0.1 13 -1.9 0.67 0.33 0.00 1.2 0.5 0.00
Wa -1.6 -4.3 -0.5 1.0 -0.6 0.00 1.00 0.00 0.87 0.18 0.00
We -3.0 -5.6 -0.8 1.4 -0.5 0.00 1.00 0.00 1.08 0.36 0.00
Mean -5.4 -10.1 -2.1 24 0.0 0.15 0.84 0.01 1.78 0.48 0.02
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Table 10. Summary of monthly water level measurements from upland wells, including water level (mean, min, and max), and
water level variability (SD and CV) in cm. Percent inundated, saturated, and dry refer to the percent of observations where
water levels were > 30 cm, -30 to 0 cm, and < -30 cm respectively. Monthly change in water level is reported as the mean
change in water level (cm) as well as the percent of observations with a change greater than 1 and 10 cm.

Site Mean Min Max - oV Inundated Saturated  Dry Monthly Change in Water Level
(cm) (cm) (cm) (%) (%) (%) Mean (cm) >1cm (%) >10cm (%)

Bo -66.1 -87.7 -49.7 10.0 -0.2 0.00 0.00 1.00 8.05 0.73 0.36
Cr -75.3 -84.7 -53.6 8.0 -0.1 0.00 0.00 1.00 7.82 0.67 0.25
Fe -84.3 -90.8 -73.2 53 -0.1 0.00 0.00 1.00 3.78 0.82 0.09
Fl -86.5 -120.9 -27.6 27.5 -0.3 0.00 0.08 0.92 14.35 0.91 0.45
Po -119.5 -139.2 -90.3 14.5 -0.1 0.00 0.00 1.00 14.25 0.91 0.45
Pu -140.2 -152.8 -1156 10.8 -0.1 0.00 0.00 1.00 6.58 0.82 0.18
Ri -177.4 -215.2 -146.2 18.6 -0.1 0.00 0.00 1.00 10.9 0.91 0.27
Se NA NA NA NA NA NA NA NA NA NA NA
Si -64.7 914 -40.2 15.7 -0.2 0.00 0.00 1.00 15.51 1.00 0.73
Sk -96.3 -120.2 54.0 48.1 -0.5 0.08 0.00 0.92 18.24 0.91 0.18
TN -324 -47.1 -8.4 111 -0.3 0.00 0.42 0.58 11.08 1.00 0.36
TS -82.3 -95.6 -50.8 14.0 -0.2 0.00 0.00 1.00 16.19 0.82 0.55
Te -45.9 -56.5 -38.2 5.9 -0.1 0.00 0.00 1.00 4.28 0.91 0.09
Wa -1255 -1415 -102.8 11.2 -0.1 0.00 0.00 1.00 5.95 0.91 0.18
We -217.3  -223.5 -206.1 4.7 0.0 0.00 0.00 1.00 51 0.73 0.18
Mean -101.0 -119.1 -67.8 14.7 -0.2 0.01 0.04 0.96 10.15 0.86 0.31
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Table 11. Model evaluation results for repeated 5-fold cross validation. Reported metrics
refer to the evaluation of the held-out test data, for each model fit on the remaining (i.e.,
training) data. Results are provided for each random resample (n=3). R? is the coefficient
of determination, RMSE is the root mean squared error, and NnRMSE is the normalized
root mean squared error calculated as RMSE/range of observed values.

Fold Sample 1 Sample 2 Sample 3

R? RMSE nNRMSE R? RMSE  nRMSE R? RMSE  nRMSE

1 0.62 5.00 0.17 0.66 6.57 0.16 0.58 10.98 0.10
2 0.71 10.98 0.13 0.76 3.46 0.09 0.66 5.26 0.13
3 0.66 8.10 0.08 0.68 6.77 0.11 0.86 3.60 0.08
4 0.88 3.26 0.07 0.80 7.84 0.09 0.92 2.97 0.06
5 0.84 4.35 0.10 0.67 7.41 0.09 0.67 5.89 0.15
Mean 0.74 6.34 0.11 0.71 6.41 0.11 0.74 5.74 0.10
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Table 12. Regression parameters for full water table depth model.

Parameter Estimate SE p

Bo -2.66 0.53 <0.01
B4 0.33 0.10 <0.01
B 0.93 0.03 <0.01
B -0.04 0.00 <0.01
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Table 13. Summary of observed and predicted water tables depths at each headwater study site. Results are provided for
predictions using the previously observed water level as the water table depth at time t-1, as well as the previously predicted
water level as the water table depth at time t-1 (i.e., rolling).

Water Table Depth (cm)

Site Observed Predicted Predicted (rolling)

Mean SD Min Max Mean SD Min Max Mean SD Min Max
Bo -12.8 18.8 -85.5 0.1 -11.6 114 -48.5 -2.1 -17.0 5.8 -31.1 -3.7
Cr -12.8 7.0 -38.4 -5.6 -12.5 5.9 -29.1 -3.3 -14.5 6.5 -23.0 -0.1
Fe -25.0 5.5 -35.5 -12.0 -23.9 8.2 -42.8 -3.5 -19.2 8.8 -33.5 -1.4
Fl -20.7 8.2 -40.9 -8.9 -20.5 9.4 -41.5 -2.5 -21.6 10.7 -39.1 -1.5
Po -5.9 9.3 -29.4 1.8 -6.8 7.9 -26.5 1.4 -11.5 5.1 -20.3 -3.3
Pu -13.0 8.5 -31.4 -2.0 -12.8 7.4 -31.5 -3.0 -14.3 5.8 -22.3 -1.2
Ri -9.7 9.5 -20.6 10.0 -11.0 7.8 -21.0 6.5 -12.6 4.8 -20.7 -3.8
Se -4.1 2.9 -8.4 13 -5.8 4.0 -12.3 2.1 -11.7 6.1 -22.6 -1.0
Si -27.9 19.3 -75.7 -3.2 -24.3 16.5 -74.8 -3.4 -15.6 7.5 -23.2 0.6
Sk -13.3 7.3 -37.7 -3.9 -12.1 6.9 -33.7 1.3 -9.6 6.2 -25.2 2.2
TN -3.1 8.3 -37.8 13 -3.8 4.5 -22.4 1.2 -10.8 5.7 -20.4 0.9
TS -16.3 11.3 -25.9 233 -16.5 10.9 -29.9 15.9 -16.0 7.9 -24.1 0.6
Te 1.0 3.6 -5.2 7.8 -0.7 33 -8.6 4.6 -8.8 5.6 -19.9 3.4
Wa -3.3 4.4 -9.5 4.3 -5.4 5.4 -16.0 2.4 -14.1 6.2 -23.3 -2.3
We -21.4 1.2 -24.2 -19.5 -20.7 5.8 -30.2 -4.2 -18.4 8.2 -30.2 -3.4

Note: Mean water table depths refer to water levels at 15-day intervals and may be different than mean water level values based on hourly
intervals reported in Table 7.
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Table 14. Summary of the difference between observed and predicted water table depths for each headwater study site. Results
are provided for predictions using the previously observed water level as the water table depth at time t-1, as well as the
previously predicted water level as the water table depth at time t-1 (i.e., rolling). Probability (p) values refer to the
corresponding paired t-test.

Difference in Observed Water Table Depth (cm)

Site Predicted Predicted (rolling)
Mean SD Min Max p-value  Mean SD Min Max p-value

Bo 1.17 10.59 -18.10 37.00 0.59 -4.23 16.70 -18.16 54.43 0.00
Cr 0.31 3.29 -3.24 9.26 0.66 -1.67 834 -11.80 18.29 0.23
Fe 1.14 6.96 -13.86 16.20 0.44 5.79 8.78 -9.41 18.60 0.35
Fl 0.15 3.24 -6.78 11.47 0.82 -0.95 5.15 -7.14 12.50 0.01
Po -0.92 5,59 -13.84 13.33 0.43 -5.67 10.34 -16.01 19.29 0.38
Pu 0.18 4.39 -6.83 10.22 0.84 -1.34 7.00 -13.01 14.85 0.01
Ri -1.21 2.36 -7.06 2.61 0.02 -2.82 6.51 -17.46 4.84 0.36
Se -1.69 2.96 -6.82 6.16 0.01 -7.60 591 -19.31 4.92 0.05
Si 3.61 12.54 -16.67 33.35 0.18 12.24 16.77 -13.07 55.57 0.00
Sk 1.20 4.40 -7.98 9.95 0.20 3.67 5.18 -7.49 12.53 0.00
TN -0.68 4.59 -7.22 15.46 0.49 -7.70 8.83  -18.93 18.66 0.00
TS -0.21 11.01 -30.18 30.34 0.93 0.26 11.11  -30.30 15.87 0.00
Te -1.66 2.53 -5.47 5.73 0.00 -9.81 496  -18.43 0.72 0.91

Wa -2.13 4.42 -8.67 10.47 0.03 -10.77 8.74 -21.89 4.92 0.00
We 0.79 5.55 -7.03 16.46 0.50 3.02 7.62 -6.49 17.26 0.00
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Table 15. Summary of changes in annual climate metrics for RCPs 4.5 and 8.5, as
compared to the baseline scenario, in the lower York River Watershed study area. The
difference in Daymet climate data used to fit the water table depth model (Equation 11),
as compared to the baseline scenario, is also provided.

Total P Total PET  Total P-PET Mean AT

Scenario (mm) (mm) (mm) °0)
Historical Baseline (1950-2005) 1179 943 236 15.1
RCP 4.5, mid-century (2040-2069) 149 124 25 2.5
RCP 4.5, end-century (2070-2099) 147 143 4 2.8
RCP 8.5, mid-century (2040-2069) 172 164 9 33
RCP 8.5, end-century (2070-2099) 116 257 -141 4.8
Monitoring period (2017-2018) 45 2 43 0.1

Note: P is precipitation, PET is potential evapotranspiration, and AT is air temperature.
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Table 16. Summary of change in 15-day water table fluctuations under future RCPs 4.5
and 8.5, as compared to water levels predicted for the baseline scenario. Reported values
refer to the difference in annual values, averaged across the study area. The difference in
water levels predicted from Daymet climate data used to fit the water table depth model

(Equation 11) is also provided.

Scenario Mean Min WTD Dry (%) Saturated Inundated

WTD (cm) (cm) (%) (%)
Historical Baseline -17.00 -38.93 10.7 88.70 0.60
RCP 4.5, mid-century 0.67 -2.61 0.23 -1.53 1.29
RCP 4.5, end-century -0.93 -5.45 2.97 -3.02 0.05
RCP 8.5, mid-century 0.38 -0.67 -0.74 -0.94 1.68
RCP 8.5, end-century -5.75 -28.41 9.58 -10.39 0.81
Monitoring period 0.65 10.67 -8.85 7.98 0.87

Note: WTD is water table depth, and Dry, Saturated, and Inundated refer to the percent of water
table depth estimates < -30 cm, -30 — 0 cm, and > 0 cm, respectively.
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Figure 1. Site map showing the study area and selected headwater wetland study sites.
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Figure 3. Scatterplot and regression results between the catchment curve number (CN)
and surface run-off depth (Q) with the mean water level rate of change (WL A). The 95%
confidence interval is shown in gray.
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Figure 4. Scatterplot and regression results between the catchment curve number (CN)
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The 95% confidence interval is shown in gray.
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Figure 8-2. Comparison of observed and predicted water table depth for each headwater

wetland study site.
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Figure 9-1. Scatterplot of observed and predicted water tables depths for each headwater
wetland study site, where dashed lines are the trend line and R? is the coefficient of
determination between the observed and predicted WTD.
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Figure 10-1. Comparison of observed and predicted change in water table depth (WTD at
time t — WTD at time t-1) for each headwater wetland study site.
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Figure 10-2. Comparison of observed and predicted change in water table depth (WTD at

time t —

WTD at time t-1) for each headwater wetland study site.
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Figure 11. Estimated average 15-day water table depth for headwater wetlands in lower
York River watershed, for the historic baseline scenario (1950-2005) and monitoring
period (2017-2018)
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Figure 12. Estimated average 15-day water table depth for headwater wetlands in lower York River watershed from 2040 to
2100, under the MIROC5 RCP 4.5 and RCP 8.5 climate change scenarios.
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Figure 13. Average annual mean (solid lines) and minimum (dashed lines) estimated
water table depths for headwater wetlands in the lower York River watershed under the

(a) historic baseline (1950-2005) and (b) MIROCS5 RCP 4.5 and RCP 8.5 climate change
scenarios (2040-2100).
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APPENDIX

Table Al. Results for site-specific water level regressions. Results are provided for the
full model (all sites) as well as each for each individual site. 3, is the intercept estimate,
B, is the coefficient estimate of P-PET over the preceding 15 days, S, is the coefficient
estimate of the antecedent water table at time t — 1, R? is the coefficient of determination
and p is the associated probability value.

Model Parameters

Site Bo By B2 By * B2 Model Fit
Est. p Est. p Est. p Est. p 23 p h

Bo -2.23 0.38 1.66 0.03 1.21 <0.01 -0.05 <0.01 0.81 <0.01 3.69
Cr -0.53 0.80 0.33 0.32 1.13 <0.01 -0.04 0.01 0.81 <0.01 1.56
Fe -11.10 0.04 -1.01 0.48 0.58 0.01 -0.05 0.28 0.38 0.02 5.80
Fl -4.57 0.01 0.66 0.14 0.83 <0.01 -0.01 0.49 0.90 <0.01 -0.50
Po -3.49 0.01 1.08 <0.01 0.75 <0.01 -0.03 0.11 0.78 <0.01 2.53
Pu -5.40 <0.01 1.55 <0.01 0.75 <0.01 0.00 0.97 0.86 <0.01 0.87
Ri 0.44 0.48 0.44 <0.01 1.11 <0.01 -0.03 0.02 0.97 <0.01 0.16
Se -1.05 0.26 -0.09 0.62 0.76 <0.01 -0.05 0.15 0.55 <0.01 2.24
Si -14.26 <0.01 4,19 <0.01 0.69 <0.01 0.01 0.31 0.83 <0.01 1.38
Sk -592 <0.01 1.77 <0.01 0.78 <0.01 0.01 0.42 0.85 <0.01 -1.42
TN -0.81 0.38 0.36 0.11 1.67 <0.01 -0.08 <0.01 0.83 <0.01 1.62
TS -24.06 <0.01 2.74 <0.01 -0.26 0.29 0.09 0.01 0.59 <0.01 NA
Te -0.44 0.46 0.17 0.15 0.86 <0.01 0.01 0.75 0.61 <0.01 -0.20

Wa -1.05 0.36 -0.03 0.89 0.63 <0.01 -0.03 0.47 0.43 0.01 -1.32
We -11.54 0.01 0.66 0.73 0.47 0.02 0.03 0.76 0.31 0.07 -2.83
All -2.66 <0.01 0.33 <0.01 093 <0.01 -0.04 <o0.01 0.74 <0.01 133

Note: Individual site-specific regression models indicate that there may be differences in the
major hydrologic controls at some sites, particularly for sites not as well represented by the full
model. For most sites, the regression coefficients and intercepts of the site-specific models were
similar to the full model parameters. However, in four out of the five sites with an R? value < 0.5
(Figure 9), the direction of the regression coefficient of one main effect model parameter (P-PET
or the antecedent water table) in the corresponding site-specific model differs in the directionality
of the parameter of the main effect model. Model intercepts of the site-specific models were
similar to the full model (-2.7) for most of the sites, but lower than -11.0 at four out of five sites
with lowest mean water table depths, indicating that these sites may drain faster than other study
sites.
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