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Abstract

Wetlands are an invaluable ecosystem that provide many ecosystem services and
play an outsized role in the global carbon cycle. Photosynthesis is one of the largest fluxes
in the carbon cycle and is a foundational wetland function that underlies many wetland
ecosystem services. However, salt marsh wetland gross primary production (GPP), the
ecosystem-scale photosynthetic CO2 flux, is highly uncertain. Increased and improved
monitoring of salt marsh GPP is needed to increase its certainty and constrain its
sensitivity to climate change. To address this need, I first collect over four years of marsh-
atmosphere CO. flux measurements to examine patterns of salt marsh GPP and its
sensitivity to various environmental conditions. I observe ubiquitous midday depression
of GPP at daily and seasonal scales that is primarily driven by salinity and water stress
during periods of reduced tidal flooding and warmer air temperatures. To my knowledge,
this is the first documentation and analysis of chronic midday depression of
photosynthesis in a salt marsh. I then couple the CO. flux data with ground-based remote
sensing observations to determine which remote sensing proxies best track GPP. I identify
the near-infrared radiation of vegetation (NIR,) index as a strong proxy for salt marsh
photosynthesis, especially at longer temporal scales. In my final chapter, I analyze 30
years of wetland permit data and use satellite-based NIR, to track vegetation function in
wetland mitigation banks that were restored to offset permitted wetland impact activity.
I find most mitigation banks have maintained vegetation function for at least 20 years
after their restoration and that mitigation banking has likely upheld the ‘no net loss’ of
wetland area and function required by the Clean Water Act. However, the few mitigation
banks with negative long-term trends in vegetation function tended to be in coastal areas
prone to sea level rise and saltwater intrusion, suggesting that further climate change may
challenge ‘no net loss’ in the coming decades. Together, this dissertation furthers our
understanding of the climate sensitivity of salt marsh photosynthesis and provides
improved remote sensing approaches to monitor wetland vegetation function for

scientific, management, and policy applications.
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Introduction

Wetlands provide numerous ecosystem services, including carbon sequestration,
flood protection, water filtration, storm surge mitigation, erosion control, and natural
beauty (Mitsch et al., 2015). Further, the large amounts of ‘blue carbon’ sequestered in
the soils of salt marshes and mangroves are a potential nature-based solution to help
mitigate climate change (Macreadie et al., 2021). Many of these ecosystem services
depend on photosynthesis and the overall health of the wetland vegetation. However, due
to a lack of wetland-specific measurements and high spatial variability, the wetland
photosynthetic carbon flux and its sensitivity to various environmental stressors remain
uncertain in the Anthropocene (Holmquist et al., 2018; US Global Change Research
Program, 2018).

Improving the constraints of wetland carbon budgets and their climate sensitivity
is critical to meeting the United Nations Paris Agreement’s carbon neutrality goals
(Seddon et al., 2020). Research is needed to understand environmental tipping points
that may flip a wetland from a carbon sink to a carbon source, affecting carbon accounting
and markets (Barnard et al., 2021; Wang et al., 2023). U.S. policy has historically
protected wetlands, but the jurisdiction of federal wetland protections has been in flux in
recent years (Sullivan & Gardner, 2023). Combined with the >50% historical loss of
wetlands in the contiguous U.S., developing and communicating the best wetland
conservation and restoration practices that maximize wetland protection and ecosystem
services is more critical than ever (Dahl, 1990).

To address the above challenges, this dissertation aims to improve our
understanding of wetland photosynthesis in the context of climate change and

environmental policy. The following questions guide my three dissertation chapters:

1. What are the patterns and environmental drivers of wetland photosynthesis,
and how may climate change alter them?

2. What remote sensing approaches can improve estimates of wetland
photosynthesis?

3. What are the ecological outcomes of wetland management and policy?



In my first chapter, I use the eddy covariance method to measure ecosystem-scale
CO:. fluxes of a Spartina alterniflora salt marsh on the Eastern Shore of Virginia. I find
the diurnal pattern of the gross primary production (GPP) flux to skew towards the
morning, indicating greater photosynthesis in the morning than in the afternoon for a
given amount of sunlight. This phenomenon is called midday depression of
photosynthesis and has been reported in multiple ecosystems as a response to drought
and other severe environmental stress (Xu & Shen, 1996). However, midday depression
of photosynthesis has not been previously reported in a salt marsh and is uncommon in
C, vegetation like S. alterniflora. During the summers of 2019-2022, 76% of days showed
some degree of midday depression. Higher tides were associated with less severe
depression, while warmer temperatures were related to more severe depression. The
midday depression is likely driven by vegetation closing stomata or increased
photorespiration in response to low soil moisture and high salinity that builds up during
relatively low tides and warm temperatures. My results highlight the potential of an
altered salt marsh carbon sink due to climate change and the need to better understand
species-specific responses to environmental stressors at sub-daily timescales.

In my second chapter, I test the potential of three remote sensing proxies to track
salt marsh GPP across temporal scales and during different tidal conditions. The first two
proxies, radiance-based near-infrared reflectance of vegetation (NIRy raq) and its product
with photosynthetically active radiation (NIRyp), are part of a new class of vegetation
indices that have recently shown promising results as photosynthesis proxies in multiple
ecosystem types but have not been extensively studied in salt marshes (Badgley et al.,
2017). The third proxy, solar-induced chlorophyll fluorescence (SIF), is empirically linked
to the electron transport chain of photosynthesis and has been shown to correlate with
canopy-scale photosynthesis but has also received limited study in salt marshes (Porcar-
Castell et al., 2014; Yang et al., 2015). I collected half-hourly ground-based observations
of the three remote sensing proxies and compared them to concurrent GPP flux
measurements at various temporal scales and tidal conditions. Overall, I find NIRy raa and
NIRyr to be strong proxies for GPP, especially at longer temporal scales and during low
tide conditions. My results indicate that both NIRy indices are strong candidates for
tracking salt marsh GPP from satellite observations and with relatively affordable ground-

based sensors.
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In my third chapter, I analyze U.S. Army Corps of Engineers wetland permit data
and remote sensing observations to determine if no net loss of wetland area and function
has been achieved through mitigation banking in Virginia. The Clean Water Act aims to
protect U.S. waterways and ensure there is ‘no net loss’ of wetland area and function due
to permitted wetland impact activity (33 USC §1251 et seq., 1972; US Army Corps of
Engineers & Environmental Protection Agency, 2008; US Environmental Protection
Agency, 1990). Wetland mitigation banks are large restoration projects constructed in
anticipation of a developer’s need to offset wetland impacts and maintain ‘no net loss.’ I
first compiled 5100 wetland mitigation bank transactions from 1995-2024 and
determined mitigation banking has led to a net increase of over 15,000 acres of wetland.
Over 50% of the net gains of wetland areas are concentrated in two HUCS8 codes on the
outskirts of major urban areas that contain multiple large mitigation banks. However, no
HUCS code lost more than a few hundred acres of wetland. To examine the conservation
of wetland function, I use satellite-based NIRy and the normalized difference vegetation
index (NDVI) as proxies of photosynthesis and vegetation greenness to monitor 11 of the
largest mitigation banks in Virginia. Most mitigation banks maintain vegetation function
for 10-20 years after restoration. Although a few mitigation banks have slight negative
long-term trends in photosynthesis and vegetation greenness, most banks show positive
long-term trends. These results suggest mitigation banking has achieved no net loss of
wetland area and function in Virginia. However, the few mitigation banks showing
negative trends in vegetation function are in areas vulnerable to sea level rise and
saltwater intrusion, suggesting that climate change may lead to further declines in
vegetation function in the coming decades.

I conclude this dissertation by synthesizing my chapters’ results and providing

recommendations for future work.
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Chapter 1: Midday depression of photosynthesis in Spartina
alterniflora in a Virginia salt marsh

A slightly modified version of this chapter is currently under revision to be published in
the Journal of Geophysical Research: Biogeosciences
1.1 Introduction

Despite their small global spatial coverage, salt marshes play an outsized role in
the global carbon cycle. High rates of photosynthesis and carbon storage per unit area
make salt marshes one of the most powerful natural carbon sinks, removing 49.6 + 9.4
Tg CO. year! from the atmosphere and storing carbon at densities up to 10 times greater
than terrestrial ecosystems (Duarte et al., 2013; Lovelock & Reef, 2020; Mcleod et al.,
2011; Rosentreter et al., 2023). The conservation and restoration of salt marshes could
potentially help mitigate the impacts of climate change by sequestering atmospheric CO-
on millennial time scales and serve as a nature-based solution (Duarte et al., 2013;

Griscom et al., 2017; Nellemann & Corcoran, 2009; Rosentreter et al., 2023).

1.1.1 Salt marsh photosynthesis and climate change

However, the salt marsh carbon cycle and its potential as a nature-based solution
are threatened by a wide range of climate change stressors. Photosynthesis under future
climate change scenarios is particularly uncertain, with numerous vegetation stressors
likely to increase in the coming decades. Although the effects of rising temperatures on
vegetation productivity are well studied in general, it is unclear how temperature affects
Spartina alterniflora (S. alterniflora), a C4 salt marsh cordgrass, at the ecosystem scale.
From warming experiments and leaf-level studies, S. alterniflora is known to increase
photosynthesis with rising temperature up to its optimum temperature range of 30-35
°C, beyond which assimilation decreases (Charles & Dukes, 2009; Ge et al., 2014;
Giurgevich & Dunn, 1979; Kathilankal et al., 2011; Shea, 1977). Ecosystem scale studies
utilizing eddy covariance flux towers have associated greater marsh CO. uptake with
warmer temperatures and longer growing seasons at the seasonal scale, but cooler
temperatures may enhance gross primary production at short time scales (Forbrich et al.,
2018; Knox et al., 2018). Kirwan et al. (2009) attributed a latitudinal gradient in S.

alterniflora productivity to temperature and length of the growing season and modeled a
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marsh productivity increase of 10-40% with 2—4 °C of warming over the next century.
However, despite being a C, plant, there is evidence S. alterniflora has significant
photorespiration at temperatures greater than 30 °C, within the range of its typical
summertime climate (Giurgevich & Dunn, 1979; Shea, 1977). Climate change-driven
temperature increases may exacerbate this phenomenon and offset gains in
photosynthetic CO. uptake due to the CO. fertilization effect (Dusenge et al., 2019). Rising
temperatures will also increase vapor pressure deficit (VPD), which can induce stomata
closure and reduce photosynthesis (Grossiord et al., 2020; Knox et al., 2018).

Altered precipitation patterns, increased frequency of drought, and longer tidal
flooding duration due to sea level rise are also expected to impact marsh productivity in
the coming decades by altering marsh soil moisture and salinity (O’Donnell et al., 2024;
Poppe & Rybczyk, 2021). Precipitation is an important variable regulating marsh
productivity because it can reduce soil salinity (De Leeuw et al., 1990; Dunton et al., 2001;
Forbrich et al., 2018) . In situ precipitation enhances vegetation productivity, especially
in the marsh interior (Hawman et al., 2024). The productivity of taller vegetation found
along creekbanks is more sensitive to increased river discharge driven by in-land
precipitation (Bice et al.,, 2023; Hawman et al., 2024; Wieski & Pennings, 2014) .
However, extreme precipitation events have been linked to marsh dieback events due to
sediment waterlogging (Rolando et al., 2023; Stagg et al., 2021). Marsh soil desiccation
and hypersalinity due to drought have also been attributed to numerous marsh dieback
events in the Southeastern United States and reduced photosynthesis (Alber et al., 2008;
Hughes et al., 2012; Li et al., 2022; McKee et al., 2004; Rolando et al., 2023; Russell et
al., 2023). Longer tidal flooding duration due to sea level rise can provide nutrients and
help alleviate hypersaline soils that build up during drought or low tide periods, but too
much flooding can limit oxygen availability and lead to sulfide build-up (Lamers et al.,

2013).

1.1.2 Midday depression of photosynthesis
While many studies have examined the response of S. alterniflora productivity to
environmental stress, gaps remain in our understanding of the sub-daily responses in the

natural environment. Vegetation is known to respond to stress at different timescales,
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and diurnal patterns of gross primary production (GPP), or photosynthesis at the
ecosystem scale, can be highly variable throughout the day (Li et al., 2021; Lin et al., 2019;
Paul-Limoges et al., 2018). Understanding the diurnal variations in GPP can disentangle
photosynthesis controls that may be obscured at longer temporal scales. Thus, higher
frequency measurements that can continuously measure the diurnal pattern of
photosynthesis are needed to fully capture how climate change impacts salt marsh
vegetation.

Midday depression of photosynthesis, when plants have a lower photosynthetic
rate in the afternoon at the same light intensity relative to the morning, is a sub-daily
response of vegetation to environmental stress that can only be captured with higher
frequency measurements (Xu & Shen, 1996). Multiple mechanisms can lead to midday
depression, either by decreasing true photosynthesis (carboxylation), increasing
photorespiration (oxygenation), or both. Afternoon stomata closure in response to high
temperature, high VPD, or low soil moisture is one common mechanism that reduces
photosynthesis by limiting the internal leaf CO. concentration (Pathre et al., 1998;
Raschke & Resemann, 1986; Turner & Burch, 1983; Wilson et al., 2003). Light saturation
from high irradiance can also decrease the quantum yield of photosystem II in the
afternoon (Tenhunen et al., 1984). Photorespiration is largely a function of temperature
and cellular CO.:0- ratios around Rubisco and can increase in response to heat waves,
droughts, and other environmental stressors (Voss et al., 2013). Stomata closure can also
increase the leaf temperature and promote photorespiration, leading to a lower observed
net photosynthesis (Franco & Liittge, 2002; Pathre et al., 1998; Pons & Welschen, 2003;
Valentini et al., 1995). Midday depression has been reported in Cs, C4, and CAM plants,
but it is considered less common in C4, and CAM because they are generally more adaptive
to temperature and water stress and evolved to minimize photorespiration (Brautigam &
Gowik, 2016; Lara & Andreo, 2011; Lin et al., 2019; Pardo & VanBuren, 2021; Xu et al.,
2020). Thus, to what extent a S. alterniflora salt marsh shows midday depression is

unclear.
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1.1.3 Chapter 1 Aims
In this chapter, I examine the diurnal patterns of photosynthesis in a S.

alterniflora salt marsh in Virginia. My primary research questions include:

How often and to what extent does midday depression of photosynthesis occur?

What environmental factors may be driving the severity of the depression?

To quantify the frequency and severity of midday depression, I fit photosynthesis-
irradiance curves to GPP flux data and calculate a percent depression as the reduction in
afternoon photosynthesis relative to the morning for a given amount of incoming
sunlight. This quantitative approach allowed me to examine the daily variability of
midday depression and model potential environmental drivers more closely. I then use a
random forest model to examine the environmental drivers of the midday depression. To
my knowledge, this is the first study to report and investigate midday depression of

photosynthesis in a C, salt marsh grass at the ecosystem scale.

1.2 Methods
1.2.1 Site description

The study site was in an intertidal salt marsh dominated by Spartina alterniflora
(salt marsh cordgrass; also referred to as Sporobolus alterniflorus (Peterson et al., 2014a,
2014b)) within the Virginia Coast Reserve Long Term Ecological Research site (VCR-
LTER) on the Eastern Shore of Virginia (AmeriFlux ID US-VFP; 37° 24' N, 75°50' W). The
marsh is on the Atlantic Ocean side of the Delmarva Peninsula and faces shallow coastal
lagoons backed by barrier islands. No major rivers drain into the area, and the site’s
hydrology is primarily driven by in situ precipitation and the nearby coastal bays. The flux
tower is located 2 km from the shoreline and 85 m from a major creek edge. The marsh is
dominated by the intermediate form of S. alterniflora, with an average height of 0.6 m.
The area has a semidiurnal tidal cycle with two daily high and low tides and a tidal
amplitude of ~1.3 meters. Tidal flooding duration, when the tide is above the marsh
platform, averages ~2 hours for a single high tide event, but it can be longer during spring

or shorter during neap tides.
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1.2.2 Eddy covariance and other environmental data

I collected eddy covariance (EC) measurements of the net ecosystem exchange
(NEE) flux of CO. during the growing seasons (May to September) of 2019 to 2022. A
sonic anemometer (Gill Windmaster) and open-path infrared gas analyzer (LI-COR
7500DS) were mounted on the tower 3 m above the marsh canopy to measure 3-
dimensional windspeed and CO. mixing ratios at 10 Hz. The EC data was processed in
EddyPro (version 7.0.9, LI-COR (2020)) and custom MATLAB scripts to align with
FLUXNET protocols (Pastorello et al., 2020). NEE fluxes were calculated as the mean
covariance between deviations of vertical windspeed and gas molar density over a 30-
minute block average. Prior to the flux calculation, a double wind rotation was performed
to account for any sonic anemometer misalignment (Wilczak et al., 2001). Molar densities
were processed with a spike removal (Vickers & Mahrt, 1997). Fluxes were filtered with a
u-star threshold estimation based on a moving point test and by season (Papale et al.,
2006). Air density fluctuations were compensated with Webb, Pearman, and Leuning
correction terms added to the fluxes (Webb et al., 1980). High- and low-pass frequency
corrections were applied to the flux as described in Moncrieff et al. (1997) and Moncrieff
et al. (2005), respectively.

Stationarity and turbulence tests were used to flag fluxes with a 0-1-2 quality
control score, with 0 being the highest quality flux (Foken et al., 2005). Only fluxes with
a quality flag of 0 were used in subsequent analysis. To account for precipitation, high
humidity, and sediment obstructing the sensor light paths, NEE fluxes with a CO. signal
strength of less than 80% were filtered from the dataset. Gross primary production (GPP)
was partitioned from the NEE flux using a nighttime approach in the REddyProc software
package (Lasslop et al., 2010; Wutzler et al., 2018). I did not use any gap-filled flux data
in the analysis presented in this chapter. All fluxes measured when the tide was above the
marsh mud platform were removed from the dataset to avoid the effects of water limiting
marsh-air gas exchange on the observed diurnal pattern. The tidal filtering removed 16%
of fluxes from the total dataset.

Air temperature was measured at 3.4 m above the marsh canopy and averaged over
30 minutes. Vapor pressure deficit (VPD) was calculated as the difference between the
actual water vapor pressure and its saturation pressure for a given air temperature, as

described in the EddyPro Software Instruction Manual (LI-COR, 2020).
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Photosynthetically active radiation (PAR, PQS1, Kipp & Zonen) and tidal depth (CTD
Diver, Van Essen) were collected at one-minute intervals and averaged over the 30-
minute flux interval. Data collected by the VCR-LTER, the U.S. Climate Reference
Network in Cape Charles, VA, and NOAA’s nearby Wachapreague tidal station filled gaps

when onsite instruments were not operational (Porter et al., 2023).

1.2.3 Photosynthesis-irradiance curves and quantifying midday depression of GPP

To quantify the severity of midday depression of photosynthesis, I fit daily and
seasonal morning and afternoon photosynthesis-irradiance (PI) curves with GPP and
PAR observations. The difference in area under corresponding morning and afternoon PI
curves represents midday depression as a percent depression of GPP in the afternoon
relative to the morning. In contrast to the centroid method to examine midday
depression, I choose this approach because it accounts for changes in PAR and allows me
to calculate a percent depression in GPP at the daily scale, even on days when multiple
time points were filtered during high tide conditions (Li et al., 2023; Wilson et al., 2003).
I fit PI curves to morning (6:00-10:00 LST) and afternoon (14:00-18:00 LST) data using
Equation 1:

P X I
N ETERS
where P is the measured half-hour GPP flux, Pmax is the modeled maximum rate of
photosynthesis, I is solar irradiance represented as measured PAR, and KI is the modeled
half-saturation constant (the irradiance at which V2 of Pnax is reached). PI curves with
less than five fitting data points, a root mean square error > 2.5 umol m=2 s, or an R2 <
0.5 were removed from subsequent analysis. I then calculated midday depression as the
normalized percent difference in the area under the PI curves for corresponding daily and

seasonal fitting windows using Equation 2:

Areaafternoon - Areamorning

Depression of GPP (%) = Area

x 100 (2)

morning

where a negative percent depression indicates GPP is suppressed in the afternoon

compared to the morning for a given amount of PAR.
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Of the 612 days during the study period, 54 days had an instrument malfunction
or a site power outage. Of the remaining days with data and after tidal filtering, 439
mornings and 424 had at least 5 GPP and PAR data pairs to fit a PI curve. The R2< 0.5
filter flagged 49 (11%) of the morning and 39 (9%) of the afternoon PI curves. The RMSE
> 2.5 umol m2 s filter flagged 18 (4%) of the morning and 18 (4%) of the afternoon PI
curves. Together, the R2 and RMSE filters removed 75 days of data from subsequent
analysis. The distribution of the R2 and RMSE of the daily-scale morning and afternoon
PI curves can be found in Appendix Figure A1. In total, 283 days had high-quality PI
curves for both the morning and afternoon that could be used to calculate a daily-scale

depression of GPP and input into the random forest model

1.2.4 Random Forest

To examine potential environmental drivers of midday depression, I trained a
random forest model to predict a percent depression of GPP at the daily scale with daily
total PAR, average air temperature between 6:00 and 18:00 LST, maximum VPD, total
precipitation on the previous day, and maximum and minimum tidal height as model
predictors. The model was trained using MATLAB’s TreeBagger package with 1000
regression trees and sampled with a replacement on a 0.7 in-bag training fraction
(MATLAB, n.d.). The model’s R2 was calculated as Pearson’s correlation between the
model’s predicted percent depression of GPP and the out-of-bag depression. The out-of-
bag permuted predictor delta error was used to represent predictor importance. To
visualize the marginal impact of each predictor on the predicted depression, partial

dependence plots were generated using MATLAB’s partial dependence function.
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1.3 Results

I observed midday depression of
photosynthesis at daily and seasonal
time scales. The growing season
averaged diurnal pattern of GPP was
skewed towards morning hours in all
study years (Figure 1.1a). The diurnal
patterns in 2019, 2021, and 2022 were
markedly skewed to the morning hours,
with peaks in GPP at 10 am, two hours
before PAR peaked at noon. GPP was
the largest in 2020 and was the only
year that peaked at the same time as
PAR. However, GPP in 2020 was
depressed in afternoon hours compared
to morning hours, i.e., 12:00-14:00 GPP
was lower compared to 10:00-12:00
GPP. Respiration and net ecosystem
exchange (NEE) also had asymmetrical
diurnal patterns (Figure 1.1b and c).
NEE showed a similar diurnal shape to
GPP, with the largest CO. uptake (most
negative NEE) occurring around 10 am
in 2019, 2021, and 2022. The gradual
increase in respiration from the
midmorning to midafternoon indicates
the midday depression is not entirely an
artifact of the NEE flux partitioning into

GPP and respiration component fluxes.

-
H

a
—~ 12"
‘o
101
S
o 8f
(&)
S 6f
£
3
a 4
o
G ot
‘— 2019 2020 2021 2022 PAR
0, 1 1 L n n 1
6 8 10 12 14 16 18
36—
< b
(%]
oN
c 34
N
(@)
O 32
©
€
~ 3r y
c —
XS] V 4 o
S
£ 28"
[7]
4]
o
2.6 !
6 8 10 12 14 16 18
2 ;
(o]
o o0\
o
g -2r
N
o
O -4
©
w
z 8
-10 L L L L L L L
6 8 10 12 14 16 18

Hour of Day (LST)

Figure 1.1 Diurnal patterns of (a) gross
primary production (GPP), (b) respiration,
and (c) net ecosystem exchange (NEE) of
CO.. The fluxes were averaged by hour of day
from May to September for each study year.
The dashed grey line in the first panel is the
diurnal pattern of PAR (May to September)
averaged across all study years.
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Figure 1.2 Morning (blue) and afternoon (pink) photosynthesis-irradiance curves for
each study year’s growing season. The curves were fitted with half-hourly GPP and PAR
data for each study year. The shaded area represents the difference in the area under each
paired morning and afternoon curve. The depression percentage was calculated with
Equation 2, where a negative percentage indicates a reduced GPP for a given PAR level in
the afternoon relative to the morning.

The seasonal PI curves and calculated percent depression of GPP for each growing
season suggested chronic midday depression at the seasonal scale (Figure 1.2).
Depressions of GPP were —18% and —17% across the 2021 and 2022 growing seasons,
respectively. 2019 and 2020 had milder seasonal depressions of —13% and —9%. Table 1.1
provides a summary of the average environmental conditions for each of the study years.
2019 and 2020 had higher peak tides of 0.23 and 0.21 m, while 2021 had much lower
peak tides of 0.15 m on average. 2019 was particularly warm, with an average air
temperature of 25.32 °C and a relatively high average maximum VPD. 2020 was the

coolest, with an average air temperature of 23.74 °C.
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Table 1.1 Summary of environmental variables and midday depression of GPP during
the 2019 to 2022 growing seasons. Tidal heights are the average daily peak and minimum
tidal height. Air temperature is the average daily temperature from 6:00 to 18:00 LST.
PAR is the average daily cumulative incoming photosynthetically active radiation. Max
VPD is the average daily maximum vapor pressure deficit. Precipitation is the total
precipitation during the growing season.

2019 2020 2021 2022
Midday Depression
of GPP (%) -13 -9 -18 -17
Peak tidal
height (m) 0.23 + 0.16 0.21 £ 0.17 0.15 £+ 0.17 0.19 + 0.18
Air Temperature
(°C) 25.32 + 3.40 23.74 £ 5.09 24.21 + 4.08 24.11 + 4.38
PAR
(umol m-2 d-1) 2.04€e4 + 1.10e4 2.28e4 + 7.70e3 2.40e4 + 7.76€3 2.35e4 + 7.27€3
Max VPD
(kPa) 1.70 £ 0.64 1.30 £ 0.64 1.37 £ 0.54 1.40 £ 0.62
Min tidal height
(m) -1.13 £ 0.16 -1.13 £ 0.17 -1.17 £ 0.16 -1.11 £ 0.23
Precipitation
(mm) 108 80 132 55
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Figure 1.3 (a) Time series of daily percent depression of GPP averaged over 10-
day moving averages. (b) The distribution of daily percent depression of GPP. Any
values below the 0 line in panel A or to the left of the dashed o line in panel B
indicate observations where midday depression of GPP occurs.

An example PI curve fitting for the daily scale is shown for July 12, 2021, in the
Appendix (Appendix Figure A2). The Puax coefficients from the daily scale PI curves also
illustrate the midday depression, with Pnax values from the afternoon curves shifted to
smaller maximum photosynthesis rates than the morning curves (Appendix Figure A3a).
The distribution of KI from the daily scale PI curves did not show a marked difference
between the morning and afternoons, indicating no difference in the point at which the
vegetation reached light saturation (Appendix Figure A3b).

The midday depression of GPP calculated at the daily scale ranged from —55% to
+79% throughout the summer and approached more positive percent depressions (i.e.,
higher afternoon GPP) at the tail end of the growing season in September (Figure 1.3).
Across all study years, 76% of days showed a negative percent depression of GPP and
averaged —-11%. When averaged by 10-day moving windows, only 2020 showed any

periods of positive depression between June and August.
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Figure 1.4 The normalized predictor importance of each random forest input
parameter used to model GPP's daily depression. The model’s Rz was calculated as
Pearson’s correlation between out-of-bag depression data and the model’s predicted
depression.

Maximum daily tidal depth and average daily temperature were identified as the
most important predictors of the severity of daily midday depression by the random forest
model (Figure 1.4). Daily total PAR and maximum VPD were also identified as moderate
predictors, while daily minimum tidal height and precipitation were minimally
important. Partial dependence plots in Figure 1.5 illustrate the marginal relationships
between the model sensitivity and each input predictor. Generally, daily maximum and
minimum tidal height showed a positive relationship with the model sensitivity—as these
predictors increased, the depression sensitivity became less negative, which would lead
to a less severe midday depression (Figure 1.5a and e). In contrast, the model sensitivity
and predicted depression became more negative as air temperature, PAR, or VPD
increased (Figure 1.5b, ¢, d). The depression severity was insensitive to precipitation on

the previous day (Figure 1.5f).
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Figure 1.5 Sensitivity of daily depression of GPP to environmental variables in random
forest model. Each panel is a partial dependence plot of the depression's sensitivity to
an environmental variable on the x-axis. The whiskers on the x-axis mark the daily scale
observations of each environmental variable.
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Figure 1.6 Daily depression of GPP by the hour of high tide. The colored points within
each violin mark individual daily percent depressions on days with a high tide event
during the corresponding hour of the day. The white circles are the median depression
for each hour of the day. The black line connects the mean depression for each hour of
the day. Any points below the horizontal 0% line indicate observations where midday
depression of GPP occurs.

When binned by the hour of daytime high tide, the percent depression of GPP was
more severe (more negative) on days when the high tide occurred in the late afternoon
(Figure 1.6). Decreasing water availability throughout the day, leading to decreased
photosynthesis in the afternoon, may explain this result. Combined with the maximum
tidal height being the strongest predictor in the random forest model, water availability

and soil salinity are likely important controls of the severity of the depression of GPP.

1.4 Discussion

Understanding the responses of vegetation to climate change-driven stressors at
sub-daily timescales is critical to forecasting photosynthetic CO. uptake under future
climate scenarios. Further, sub-daily observations are necessary to constrain larger-scale
models that often rely on single-overpass satellite observations. In this study, I examine
the diurnal patterns of photosynthesis in an S. alterniflora salt marsh and observe the
ubiquitous midday depression of GPP across four growing seasons. The severity of the

depression varied between years and within seasons in response to environmental
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drivers, predominantly tidal height and air temperature. It is important to note that GPP
is a canopy-scale integrated measurement of apparent photosynthesis—the difference
between true photosynthesis (carboxylation) and photorespiration (oxygenation)
(Wohlfahrt & Gu, 2015). Thus, the midday depression observed in this study suggests the
marsh grass either decreases true photosynthesis, increases photorespiration, or a
combination of both after the midmorning peak in GPP. Below, I discuss these two
potential mechanisms for the midday depression observed in this study.

I suspect that the midday depression is at least partially a result of a decrease in
afternoon photosynthesis due to increasing salinity and decreasing water availability
during periods of lower tides and warmer temperatures. Despite being a salt-tolerant
species, the optimal range of salinity for specific salt marsh species can be narrow (Odum,
1988; Poppe & Rybczyk, 2021). Hypersaline and dry soils can build up beyond a stress
threshold when warm temperatures enhance evaporation from the marsh surface and
during neap tide conditions when tidal flooding depth is reduced and shorter in duration
(Shen et al., 2018; Xin et al., 2013, 2017; Xu et al., 2024). Further, the marsh in this study
is not near a significant river mouth that could provide a freshwater input to relieve low
soil moisture and high salinity. Although I did not have frequent enough soil moisture
and salinity observations to use it as a random forest model predictor, I measured
salinities over 40 parts per thousand during periods of low tidal flooding and warm
temperatures (data not shown), which exceeded the salinity stress threshold of 30-35
parts per thousand identified in previous work (Kathilankal et al., 2011; Maricle et al.,
2007; Pearcy & Ustin, 1984).

High salinity and low soil moisture can reduce photosynthesis through multiple
mechanisms. Hypersalinity can decrease the photosynthetic capacity by increasing plant
tissue ion concentrations (DeLaune & Pezeshki, 1994; Maricle et al., 2007; Poppe &
Rybezyk, 2021). Salinity and soil moisture are also important controls of salt marsh
stomatal conductance (Hessini et al., 2021; Hwang & Morris, 1994; Maricle et al., 2007;
Maricle & Lee, 2006). Both raise the osmotic potential of porewater, making it harder for
the plant to pull water up through its roots (Betzen et al., 2019). In response, stomata may
close to prevent further water loss, which reduces internal CO. concentrations and limits

photosynthesis. This mechanism may be exacerbated by higher VPD and warmer

26



afternoon temperatures, leading to the observed midday depression of GPP. Higher
spring tides can relieve vegetation stress and lead to an increase in photosynthesis, which
can explain why midday depression was less severe during periods with higher tides
(Jones et al., 2018; Knox et al., 2018; Liu et al., 2020; Nahrawi et al., 2020; Teal, 2001).
Vegetation stress caused by lower high tides and warmer temperatures may shift
S. alterniflora to downregulate its C, photosynthetic pathway and utilize
photorespiration as a damage control mechanism in the afternoon. Various abiotic
stressors can trigger the generation of reactive oxygen species (ROS) that harm vegetation
(Choudhury et al., 2017). Photorespiration is a critical ‘release valve’ protective
mechanism to prevent ROS accumulation and photoinhibition (Voss et al., 2013).
Although C, plants evolved to minimize photorespiration, multiple studies have
suggested that S. alterniflora can modify its C; photosynthetic pathway and have
significant photorespiration under stress (Sage et al., 2012). For instance, S. alterniflora
has multiple height ecophenes, or phenotypes from the same genotype, with different
photosynthetic characteristics that arise from microclimate variations in soil salinity
(Giurgevich & Dunn, 1979; Shea et al., 1975). The tall ecophene stands at one to two
meters in height and grows in the intertidal zone of low marshes along creek edges, where
the soil is relatively less saline. The short ecophene measures 0.3 to 0.5 meters in height
and occupies higher marsh elevations with higher soil salinities. An intermediate height
form, ranging from 0.5 to 1 meter, is found in relatively moderate soil salinities and is the
predominant ecophene present at this study's field site. Comparisons of ecophenes have
found the short and intermediate height forms to have larger CO. compensation points
within the range of C;-C; intermediate plants, lower enzymatic activity of C,-specific
photosynthetic pathway proteins, lower light saturation, significant photorespiration,
and overall lower photosynthetic capacity than the tall form, which has values in the
typical C4 range (Giurgevich & Dunn, 1979; Shea et al., 1975). The ecophenes are dynamic
and can change type within their lifetime when transplanted to a different salinity
microclimate (Shea et al., 1975). Further, Kathilankal et al. (2011) observed increased CO-
compensation points of S. alterniflora throughout the day at this study’s field site. In
contrast to the tall ecophene, the short and intermediate ecophenes may be more

suspectable to midday depression because they experience higher salinity and lower soil
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moisture conditions in the marsh interior and generally have a lower photosynthetic
capacity.

The dynamic nature of S. alterniflora’s CO. compensation points and other
photosynthetic properties raises the possibility that the midday depression observed in
this study results from an increase in afternoon photorespiration. Both salinity and
drought stress are known to increase ROS production and induce oxidative stress in S.
alterniflora (Hessini et al., 2021; Maricle et al., 2007). An increase in photorespiration in
the afternoon would help relieve ROS accumulation during the warmer hours when the
salinity or drought stress may be more acute. Further, photorespiration is highly
temperature-dependent and naturally increases during warmer afternoons (Jordan &
Ogren, 1984; Ku & Edwards, 1977b, 1977a). Stomata closure in the afternoon would also
lead to a decrease in intracellular CO. and an increase in leaf temperature, both of which
could increase photorespiration.

At longer temporal scales, the persistent midday depression of photosynthesis
observed in this study has significant implications for the total salt marsh carbon uptake.
I estimated up to an 18% decrease in afternoon photosynthesis compared to the morning
across the growing season. Goulden et al. (2004) quantified a similar midday depression
of NEE in a tropical rainforest of up to ~40%, which the authors attributed to a
combination of high evaporative demand, high temperature, and intrinsic circadian
rhythm. During the 2020 southwest US drought, (Zhang et al., 2023) found grasslands
had an average 33% decrease in afternoon light use efficiency compared to the morning.
The magnitude of midday depression of GPP is thus not inconsequential and must be
carefully interpreted when extrapolating coarser temporal measurements. Polar satellite
observations that provide a single snapshot of a landscape could lead to an
underestimation or overestimation of the total GPP depending on the time of the satellite
overpass. However, recent advances in geostationary satellites have made it possible to
measure the midday depression of GPP at larger scales with greater accuracy (Khan et al.,
2022; Li et al., 2021; Li et al., 2023; Zhang et al., 2023).

To determine the exact mechanism of midday depression observed in this study,
future work must collect concurrent leaf-level gas exchange measurements within the flux
footprint. These measurements can be used to isolate if afternoon photosynthesis

decreases due to stomatal closure or biochemical mechanisms and if photorespiration is
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a significant component of the GPP flux and increases in the afternoon. These studies can
also help improve salt marsh photosynthesis modeling parameterization. In addition,
comparisons of GPP estimated with geostationary and polar satellite observations can
determine if the midday depression can be tracked at larger scales and what may be
missed with multiday satellite return times.

In the context of climate change, my results highlight the complexity of multiple
changing environmental conditions impacting the photosynthesis of salt marshes. Both
temperature and sea level will continue to rise in the coming decades. Higher tidal levels
may attenuate the severity of midday depression associated with warmer temperatures,
but only up to a threshold when additional flooding becomes a stressor. Higher tides may
also lead to shifts in distributions from short to tall ecophenes that are more productive
and likely have less midday depression than the short ecophene. My results also raise
questions about the photosynthetic responses of S. alterniflora to climate change. If S.
alterniflora behaves more like a C3-C, intermediate plant when under heat and salinity
stress, it may show CO. fertilization effects and be more sensitive to temperature in the

future (Boretti & Florentine, 2019; Haverd et al., 2020; Yamori et al., 2014).

1.5 Chapter Conclusions

This study used EC flux observations to measure daily midday depression of
photosynthesis and explore the environmental factors influencing the phenomenon in an
intertidal salt marsh. I observed ubiquitous midday depression throughout the
2019—2022 growing seasons, which, to my knowledge, has not been reported in other S.
alterniflora-dominated marshes. Maximum daily tidal height was the strongest
environmental control and attenuated the severity of depression, with higher tide days
having less severe depression. Warmer air temperature was also a strong control and
contributed to a more severe depression. I suspect that tidal height and air temperature
modulate the severity of depression by impacting soil salinity and water availability to
plant roots, which ultimately causes stomata to close and reduce CO. uptake to minimize
water loss. The abiotic stress may also trigger dynamic biochemical changes that lead to
changes in the CO. compensation point and increased photorespiration. Ultimately, my

results highlight a previously unreported diurnal pattern in a C4 salt marsh grass that will
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likely be further exacerbated by climate change and have significant implications for

carbon uptake.
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Chapter 2: Remote sensing proxies of salt marsh photosynthesis

2.1 Introduction
2.1.1 Salt marsh carbon cycle

Blue carbon ecosystems play an outsized role in the global carbon cycle. Despite
covering only ~0.2% of the ocean’s surface, they account for up to 10% of ocean net
primary production and up to a third of marine CO. uptake (Duarte, 2017). Blue carbon,
defined as organic carbon buried in the soils of salt marshes, seagrass meadows, and
mangrove forests, accumulates because of the high rates of photosynthesis, efficient
trapping of suspended particles, and hypoxic conditions that slow the decomposition rate
(Lovelock et al., 2017; Mcleod et al., 2011). In contrast to terrestrial forests that sequester
carbon on decadal scales, an estimated 50% of detritus (carbon originally assimilated
through photosynthesis and then stored as plant biomass) in blue carbon ecosystems is
buried in vertically accumulating sediments for millennia and accounts for 0.9—2.6% of
mitigated anthropogenic CO. emissions globally (Lo Iacono et al., 2008; McKee et al.,
2007; Murray et al., 2011).

The combination of high rates of photosynthesis and storage per unit area makes
salt marshes one of the largest natural carbon sinks (Howard et al., 2014). Marshes
sequester 57—218 gC m2year! and hold an average carbon stock of 593 Mg ha globally
(Alongi, 2014; Chmura et al., 2003; Hopkinson et al., 2012). However, the variety of local
and global drivers makes salt marsh carbon sequestration highly variable across space.
This leads to uncertainty as one moves to larger spatial and temporal scales that cannot
be captured with in situ measurements. Furthermore, the global extent of salt marshes is
poorly constrained, especially in tropical regions (Mcowen et al., 2017; Ouyang & Lee,
2014). Thus, significant uncertainties remain in current inventories of global blue carbon
sinks (Windham-Myers et al., 2018).

Accurate estimates of salt marsh gross primary production (GPP), the amount of
carbon taken up by vegetation through photosynthesis at the ecosystem scale, is a crucial
challenge to producing a more certain inventory of the global blue carbon stocks and
improving global carbon models (Feagin et al., 2020). Eddy covariance (EC) is a powerful
tool to address this challenge at the ecosystem-scale and ground-truth satellite

observations of GPP. EC measures the net ecosystem exchange flux of CO. by correlating
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deviations in the vertical wind speed and CO= mixing ratios from their means (Baldocchi
et al., 1988). Although empirical modeling is commonly used to partition the net flux into
photosynthetic and respiration components in terrestrial ecosystems, these approaches
are highly uncertain when applied in intertidal landscapes during high tides because
inundation physically impacts gas exchange by slowing diffusion, reduces the surface area
of leaves exposed to the atmosphere, and adds an environmental control of GPP that is
not in current flux partitioning models. This uncertainty warrants additional,
independent approaches to complement EC and improve GPP estimates across all tidal

conditions.

2.1.2 Remote sensing as a tool to improve estimates of salt marsh GPP

Remote sensing is a promising approach to improving estimates of salt marsh GPP
at multiple scales (Campbell et al., 2022). Ground-based strategies can continuously and
autonomously monitor surface spectral properties linked to plant health and function,
complement EC and local meteorological data, and validate larger-scale satellite
observations. Below, I describe approaches to estimating GPP with proximal (i.e., ground-

based) remote sensing, which was used in this study.

2.1.2.1 Solar-induced chlorophyll fluorescence

Recently, it has become possible to measure solar-induced -chlorophyll
fluorescence (SIF) with proximal, airborne, and satellite remote sensing. While most of
the incident solar radiation absorbed by a plant is partitioned to photosynthesis or
dissipated as heat, excited chlorophyll molecules fluoresce 1—2% of absorbed photons as
SIF (Frankenberg & Berry, 2018). The SIF intensity has been empirically shown to be
proportional to the electron transport rate in photosynthesis and to correlate with
photosynthesis at the canopy scale (Porcar-Castell et al., 2014; Yang et al., 2015). In
contrast to vegetation indices that only track vegetation structure or chlorophyll content,
SIF is more directly linked with GPP through photochemistry and is sensitive to the
physiologic responses of plants to stress and structural changes (Baker, 2008; Pinto et al.,
2020).

In the past decade, numerous studies have examined the SIF-GPP relationship at

various temporal and spatial scales and with multiple retrieval approaches. Satellite and
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proximal observations of SIF have found strong correlations with GPP derived from EC
flux towers, but it is unclear if a universal slope of the relationship exists or if the slope
varies by ecosystem type (Frankenberg et al., 2011; He et al., 2020; Li & Xiao, 2022; Li et
al., 2018; Liu et al., 2017; Rossini et al., 2016; Sun et al., 2017). A lack of a clear universal
SIF-GPP slope requires ecosystem-specific, proximal observations to increase the
accuracy of vegetation carbon fluxes derived from remote sensing across spatial scales.
Only two studies have collected concurrent ground observations of salt marsh SIF
and EC fluxes. In a Phragmites australis salt marsh, Huang et al. (2022) observed strong
correlations between SIF and GPP at half-hourly, weekly, and seasonal scales, but the
relationship was weakened during tidal inundation. However, this study was over a
relatively tall, dense vegetation canopy and did not need to consider the impact of soil
background and water absorption of near-infrared radiation in shorter, sparse canopies
that are more frequently partially to fully inundated by the tide. Vazquez-Lule & Vargas,
(2023) found SIF to poorly track GPP in a relatively high-elevation salt marsh dominated
by Spartina alterniflora and Spartina cynosuroides that were rarely inundated. Thus,
additional studies are needed that examine SIF-GPP relationships across the tidal cycle

in low-lying and shorter marsh vegetation canopies.

2.1.2.2 Near-infrared radiation of vegetation

Near-infrared radiation of vegetation (NIRy) is a new class of vegetation indices
that has shown promise in improving estimates of GPP. NIRy is the product of the
normalized difference vegetation index (NDVI) and near-infrared (NIR) radiation
upwelling from a vegetation canopy. For decades, NIR radiation has been hypothesized
as a proxy of GPP because modeling studies have shown it is proportional to absorbed
photosynthetically active radiation (APAR) by vegetation (Sellers, 1987; Sellers et al.,
1992). NIR radiation is also linked to canopy structure, which determines how light exits
a vegetation canopy (Dechant et al., 2020; Zeng et al., 2019). Further, vegetation with a
higher photosynthetic capacity displays its leaves at angles to capture a more significant
proportion of incoming sunlight and thus reflect more NIR radiation. NIR reflectance is
also related to leaf nitrogen content, the primary determinant of leaf photosynthetic
capacity, and the ratio of sun-exposed leaf area (Knyazikhin et al., 2013; Ollinger et al.,

2008). Thus, NIR radiation integrates components of leaf light capture and canopy
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structure related to GPP at short and long-time scales, respectively. The NDVI term in
NIRy represents the fraction of vegetation within the field of view and effectively isolates
the proportion of the observed NIR signal that arises from vegetation.

Multiple ground-based and satellite studies have found near-infrared reflectance
of vegetation (NIRyrer), the product of NDVI and NIR reflectance, and near-infrared
radiance of vegetation (NIRyrad), the product of NDVI and NIR radiance, to be strong
proxies of GPP in multiple ecosystem types and on short and long time scales (Badgley et
al., 2019, 2017; Baldocchi et al., 2020; Chen et al., 2023; Liu et al., 2020; Merrick et al.,
2021; Wanget al., 2021; Wu et al., 2020; Zhao et al., 2022). The NIRy raa-GPP relationship
has been empirically explained by strong correlations between NIRyraa and APAR by
green leaves, which is a dominant driver of GPP at short time scales (Wu et al., 2020).
NIRy,p, the product of NIRy rerand photosynthetically active radiation, is another member
of the NIRy class that is a strong proxy for GPP (Chen et al., 2023; Dechant et al., 2022;
Jeong et al., 2023; Kong et al., 2022; Liu et al., 2023). NIR,r adds information about
incoming solar radiation, an important driver of GPP, not embedded in NIRy grer.

NIR, has multiple advantages over other remote sensing approaches to track GPP.
NIR, is a simple vegetation index that does not require a complex retrieval algorithm like
SIF. NIRy also addresses the ‘mixed pixel problem’ because the NDVI term represents the
fraction of the field of view that is vegetation (Badgley et al., 2017). This makes NIRy
particularly appealing for studying salt marshes, which can have matches of marsh
dieback, sparse canopies, and dead vegetation wrack cover. In contrast to SIF, NIRy does
not require a high signal-to-noise ratio and can be measured with relatively inexpensive
instrumentation on the ground or from many moderate spectral resolution satellite
products. NIRy is readily available from multiple satellites spanning decades of data and
can upscale GPP from flux towers without additional meteorological datasets to constrain
photosynthesis (Badgley et al., 2019). Further, NIRy may be insensitive to soil background
and dead legacy vegetation in some ecosystems, though this is still an area of active
research (Baldocchi et al., 2020; Zeng et al., 2021).

However, questions remain about ecosystem-specific NIR,-GPP relationships and
which NIR, index to use in salt marsh studies. The mixed pixel problem and soil
background are particularly challenging when studying salt marshes with sparse

vegetation canopies and a heterogeneous landscape of vegetation, mud flats, and water
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that changes throughout the tidal cycle. One study found NIRy ref improved estimates of
salt marsh net ecosystem productivity, but the marsh was rarely flooded, and additional
studies are needed in low-lying marshes (Hill et al., 2021). Another study assessed the
potential of several vegetation indices from Landsat and MODIS to predict salt marsh
GPP and found NIRyp to be a good proxy for GPP, but a combination of other indices that
incorporate the tidal conditions outperformed NIR,» (Yang et al., 2023). MODIS NIRy ref
has also been shown to improve salt marsh air-exposed leaf area estimates during
different tidal conditions (Hawman et al., 2023). The applicability of NIR, to salt marsh
GPP remains uncertain, as studies have shown the NIR,-GPP relationship was weaker
over more heterogeneous, less dense vegetation canopies (Badgley et al., 2017; Baldocchi

et al., 2020).

2.1.3 Chapter 2 Aims

In this chapter, I couple proximal remote sensing observations and GPP flux
measurements to test the potential of NIRyrad, NIRvp, and SIF to track salt marsh
photosynthesis. The continuous measurements allow me to examine NIRy rad, NIRyp, and
SIF trends and relationships with GPP at multiple temporal scales and across different
tidal conditions. I hypothesize that NIRy rad and NIRyp will outperform SIF because they
better capture components of canopy structure, are less sensitive to soil background, and
have lower signal-to-noise requirements. I also hypothesize that the tidal cycle will
decouple GPP-NIR, and GPP-SIF relationships by differentially impacting CO. gas

exchange and remote sensing observations in the NIR wavelengths.

2.2 Methods
2.2.1 Site Description

The study site was in an intertidal salt marsh dominated by Spartina alterniflora
(salt marsh cordgrass, also referred to as Sporobolus alterniflorus (Peterson et al., 2014a,
2014b)) within the Virginia Coast Reserve Long Term Ecological Research site (VCR-
LTER) on the Eastern Shore of Virginia (AmeriFlux ID US-VFP; 37°24'39.8"N
75°49'59.6"W). The marsh is on the Atlantic Ocean side of the Delmarva Peninsula and
faces shallow coastal lagoons backed by barrier islands. The tower is located 2 km from

the shoreline and 85 m from a major creek edge. The marsh is dominated by the
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intermediate form of S. alterniflora, with an average height of 0.6 m. The semidiurnal
tidal cycle inundates the marsh platform twice daily, with ~15% of time points having

water above the mud platform.

2.2.2 Remote Sensing Observations

Remote sensing observations were collected in the 2021, 2022, and 2023 growing
seasons. Two hyperspectral spectrometers (QE Pro, Ocean Optics Inc.) measured five
scans of vegetation radiance and sky irradiance over red (650—742 nm) and far-red (730—
784 nm) wavelengths with a spectral resolution of 0.1 nm every 15 minutes. Spectrometer
digital numbers were converted to vegetation radiance or sky irradiance, filtered, and
corrected for dark current as described (Yang et al., 2018).

In the summer of 2021, observations were collected from the top of the flux tower
at 7 m with the vegetation-viewing optic fiber placed at a 35° zenith viewing angle. The
sky-viewing fiber pointed directly upwards and was capped with a cosine corrector (CC-
3, Ocean Optics Inc.) to integrate light over a 180° viewing angle. In 2022, the optic fibers
were lowered to a height of 1.5 m due to poor SIF retrieval quality and rusting of the cosine
corrector in 2021. The vegetation fiber was also adjusted to a 60° zenith viewing angle to
reduce soil background effects, and the sky fiber’s cosine corrector was replaced with a
hardier plastic cosine corrector (JB COS, JB Hyperspectral) that is more resistant to rust
from salty and humid conditions.

The spectral fitting method was used to retrieve SIF in the far-red wavelengths
(Meroni et al., 2009). In this approach, the following equation is used to describe the
relationship between radiance upwelling from vegetation (L), reflectance (r),
downwelling sky irradiance (E), model error (¢), and fluorescence emission (F) at a given

wavelength (A):

L) =

OB | oy

F and L are assumed to be linear functions over the wavelengths of the O.A oxygen
absorption band (759.3—767.5 nm), allowing SIF to be best estimated as F for a chosen

wavelength. The method is applied to the oxygen absorption feature because fluorescence
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accounts for a more significant portion of the total radiance observed upwelling from
vegetation in those wavelengths.

Near-infrared radiance of vegetation (NIRy, raa) was calculated as:

NIR — Red

NIRvrad = {IR T Red

X NIRgaq

NIR is the reflectance at 780 nm, Red is the reflectance at 670 nm, and NIRgaq is
vegetation radiance at 780 nm. NIRyp was calculated with a slightly modified equation
that multiplies NDVI by NIR reflectance and photosynthetically active radiation (PAR):

NIR NIR —Red = VIR x PAR
= ——M X X
VP ™ NIR + Red

2.2.3 Eddy CO- Flux Measurements

Eddy covariance (EC) CO. flux measurements were collected and processed as
described in Chapter 1 with a few changes. Fluxes measured when the tide was above the
marsh mud platform were included in the dataset to investigate how CO. fluxes and
remote sensing observations compare across the entire tidal cycle. Gap-filled NEE and
GPP fluxes were used to plot seasonal time series in Figure 2.1 but were not included in

correlation plots to compare GPP and remote sensing observations.

2.2.4 Ancillary data

Photosynthetically active radiation (PQS1, Kipp & Zonen), long and shortwave
radiation (CNR4, Kipp & Zonen), and tidal depth (CTD Diver, Van Essen) were collected
at one-minute intervals and averaged over 30 minutes to align with flux and remote
sensing observations. Data collected by the Virginia Coast Reserve LTER and NOAA’s
Wachapreague tidal station were used to fill in gaps when onsite instruments were not

operational.
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2.2.5 Data analysis

To examine the relationships between photosynthesis and the three remote
sensing proxies, GPP was compared with NIRy rad, NIRy refr, and SIF at multiple temporal
scales and tidal conditions. Only remote sensing data collected from 8:30 to 15:30 LST
were used due to uncertainties from the bidirectional reflectance distribution function
effect under high sun angles. High tide conditions were defined as time points with
greater than 0 cm of water depth on the marsh platform. Linear regressions of GPP and
remote sensing data were forced to y-intercepts of 0. The coefficients of determination

(R2) were used to quantify the strength of GPP and remote sensing proxy relationships.
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2.3 Results
2.3.1 Relationships between GPP and remote sensing proxies across temporal scales

At the seasonal scale, NIRy raa and NIRy p tracked trends in GPP across the growing
season (Figure 2.1). Seasonal peaks in NIRy rad and NIRyp aligned with GPP, and both
captured within-season peaks and troughs. Daily total NEE and GPP reached up to -2.14
(anegative NEE flux indicates the marsh was a CO- sink) and 5.35 g C m2d-, respectively.
NIRy rad, NIRyp, and SIF reached daily averages of up to 22.23 mW m-=2nm-sr, 150 umol
photons m2s, and 0.32 mW m-2nm-sr, respectively. SIF also followed trends in GPP,

but limited high-quality data hindered successful SIF retrieval for much of the study

period.
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Figure 2.1 Time series of daily net ecosystem exchange (NEE), GPP, NIRy rad, NIRy.p,
and SIF. NEE and GPP are plotted as the 5-day moving average of daily total grams of
carbon. Remote sensing data are plotted as the 5-day moving average of observations
collected from 8:30 to 15:30 LST.
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When excluding data collected during high tide conditions, the diurnal patterns of
the remote sensing proxies showed similarities and differences from GPP (Figure 2.2).
Within the 8:30 to 15:30 time frame, all peaked at 10:00 and showed varying degrees of
midday depression. The diurnal pattern of NIRy raa most closely aligned with the diurnal
pattern of GPP, though NIRy rad plateaued in the afternoon while GPP steadily declined
after its midmorning peak. NIRy p sharply declined by ~33% after its mid-morning peak,
then plateaued for the afternoon. SIF had a relatively similar decline as GPP but showed

substantial recovery in the afternoon hours that nearly reached the level of its

midmorning peak.
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Figure 2.2 Diurnal patterns of GPP, NIRy raq, NIRyp, and SIF. Data was averaged
at half-hourly time points during low tide conditions from the 2021, 2022, and
2023 growing seasons. The shaded areas cover hours 8:30 to 15:30 LST, when
bidirectional reflectance viewing effects minimally impact the remote sensing
observations.
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The correlation strength between GPP and the remote sensing proxies varied with
temporal scale and generally increased when data was averaged over more extended
periods (Figure 2.3). NIRy raq had the strong correlations with GPP and displayed a linear
relationship with minimal saturation effects. From half-hourly to 5-day aggregation, the
R2 of NIRy rad-GPP increased from 0.45 to 0.72. NIRy phad a similar correlation with GPP,
increasing from 0.43 to 0.73 when aggregated over 5-day windows. Although NIR, p had
a slightly stronger correlation with GPP than NIRyraa at the 5-day scale, it showed
saturation at high light intensities. SIF had the weakest relationship with GPP and did not

show increased correlations over longer temporal windows.
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Figure 2.3 GPP-NIRyrad, NIRyp, and SIF linear regressions at the half-hourly
(purple), daily (grey), and 5-day (green) scale.
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2.3.2 Relationships between GPP and remote sensing proxies across tidal conditions
Examining how the tidal cycle at my field site impacts proximal remote sensing
observations in the red and NIR wavelengths is essential to understanding how the tide
may attenuate NIRy raq, NIRyp, and SIF. When comparing spectra collected during high
and low tides on two days with nearly identical meteorological conditions, the tide
strongly absorbed wavelengths greater than 700 nm but did not affect the red

wavelengths. This effect was seen for even moderately high tides of 10 cm of water on the
marsh platform (Figure 2.4).
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Figure 2.4 Example vegetation radiance spectra collected at midday on two
sunny days in July 2021 at low tide (green) and high tide (blue).
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The tide attenuated both GPP and the remote sensing proxies (Figure 2.5). On two
days when the tide reached 15 and 10 cm, GPP decreased by ~40% from its mid-morning
peak to a trough during the high tide events at noon and 1 pm but recovered in the
afternoon hours. The tide also attenuated the remote sensing proxies, but to a much
greater degree. NIRy rad and NIRyp decreased by ~80% during the 15 cm tide and ~70%

during the 10 cm tide. SIF declined by ~75% during the 15 cm tide and ~40% during the
10 cm tide.
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Figure 2.5 Tidal attenuation of GPP and remote sensing proxies. The color bar
indicates the water level (WL) on the marsh platform.
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The correlation strength between half-hourly GPP and the remote sensing proxies
decreased during high-tide events compared to low tide conditions (Figure 2.6). The R2
of NIRyRraac-GPP and NIR,p-GPP decreased from 0.47 to 0.32 and 0.43 to 0.38,

respectively, during high tide events. The SIF-GPP relationship dropped from an R2 of
0.14 to 0.03.
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Figure 2.6 GPP- NIR rad, NIRyp, and SIF linear regressions at the half-hourly scale
during low (orange) and high (blue) tide conditions.
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2.4 Discussion

Significant uncertainties remain in the carbon budgets of salt marshes. Improving
estimates of salt marsh GPP is essential to constrain its overall carbon budget and
understand how the carbon cycle will be impacted by climate change. Remote sensing is
a promising approach to constrain salt marsh photosynthesis at various spatial and
temporal scales. However, proximal observations are needed to validate satellite
observations. In this chapter, I examined the potential of three proximal remote sensing
proxies to track salt marsh GPP across a range of temporal scales and tidal conditions. I
found NIRy,rad to be the best proxy for GPP at short and long time scales. Although the
tide differentially impacted CO. fluxes and remote sensing observations, the relationship

between NIRy rad and GPP was not completely decoupled at high tides.

2.4.1 Relationships between GPP and remote sensing proxies across temporal scales

At sub-daily time scales, both NIRy raa and NIRy,p were strong proxies for tracking
salt marsh GPP. The strong relationship between the NIR, proxies and GPP is likely due
to their ability to capture sub-daily variability in sunlight conditions. NIRvr has PAR
embedded in its equation. The NIR radiance term in NIRy raq, can be represented as NIR
reflectance x NIR irradiance, which is also strongly linked to PAR. Previous studies have
also found NIR, to outperform SIF and identified strong links between NIRyraa and
absorbed PAR that explained much of the NIRy r.a-GPP relationship (Wu et al., 2020). In
the late morning and afternoon, water, salinity, or heat stress may cause the marsh grass
to close stomata or increase photorespiration, leading to an observed midday depression
of GPP. The NIR, proxies partially captured the midday depression of GPP, which
suggests that PAR does not entirely drive the NIR,-GPP relationships. However, both
NIR, proxies showed afternoon plateaus, while GPP steadily declined after its mid-
morning peak. Thus, the NIR, proxies cannot fully capture the impact of sub-daily stress
on GPP. The divergence of NIR, and GPP may be explained in future work with leaf-level
measurements to understand the mechanism of the midday depression of photosynthesis.

The strength of the NIRy rad and NIRy p correlations with GPP improved when the
data was averaged over single and five-day periods. Reflectance-based metrics like NIRy

better capture longer-term variability in GPP because plant function and structure are
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more coordinated over longer temporal scales (Yang et al., 2023). Differences in the large
EC flux footprint and small optic fiber field of view may also average over longer temporal
scales. However, future work incorporating satellite data should match the flux footprint
with the satellite pixel to address this uncertainty (Kong et al., 2022). Although NIRyp
correlated slightly more strongly with GPP at the daily and 5-day scale, NIRy radais overall
a better proxy for GPP because it does not saturate at high light tendencies like NIRyp
does at shorter time scales. Further, for proximal remote sensing studies, NIRy rad does
not require an additional PAR measurement, unlike NIRyp.

While SIF has shown promising results in previous studies, it was a weak proxy for
salt marsh GPP at short or long-term scales in this study. SIF observations have much
higher uncertainty than radiance, irradiance, and reflectance measurements used to
calculate NIRy (Meroni et al., 2009). Challenges related to the complexity of retrieval
algorithms, the humid and salty marsh environment, signal-to-noise requirements, and

soil background likely led to SIF poorly tracking GPP in this study.

2.4.2 Relationships between GPP and remote sensing proxies across tidal conditions

High tide events attenuated both GPP and the remote sensing proxies. However,
the tide had a much stronger effect on remote sensing proxies than GPP. Differences in
the mechanism by which the tide attenuates GPP and the remote sensing proxies can
explain the differences in the severity of the attenuation. The tide attenuated the remote
sensing proxies because water strongly absorbs wavelengths in the NIR wavelength
region (Trabjerg & Hgjerslev, 1996). Previous work has documented how water physically
slows the rate of gas exchange, leading to a decrease in the net CO. flux and GPP (Forbrich
& Giblin, 2015; Kathilankal et al., 2008). Partial to complete inundation of the marsh
grass will also decrease photosynthesis by decreasing the availability of CO. substrate,
and S. alterniflora photosynthesizes at a reduced rate when submerged (Mao et al.,
2023). The tide also increases the lateral flow of carbon within the water column, adding
more uncertainty to the CO. flux partitioning. Slight variations in marsh elevation could
also lead to varying degrees of tidal inundation within the mismatched flux and remote
sensing footprints.

Tidal attenuation and midday depression likely contributed to the midday declines

in GPP and the remote sensing observations presented in Figure 2.5. However, the shifts
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in the GPP and remote sensing observation troughs from 12 to 1 pm correspond to the
timing of the peak tide, indicating the tide significantly contributes to the declines.
Further, the recovery in GPP and the remote sensing proxies after the tide receded was
not seen in the low tide only diurnal patterns (Figure 2.2).

Despite varying degrees of the impact of tidal attenuation, including all tidal
conditions did not substantially reduce the half-hourly correlations between GPP and the
NIRy proxies, and longer-term correlations were robust. Thus, care should be taken when
using NIRy measured during high tide events for short-term analysis, but longer-term

analysis likely does not need to account for the tide.

2.5 Chapter Conclusions

This chapter used EC flux and proximal remote sensing observations to examine
the potential of NIRy raq, NIRy,p, and SIF to track salt marsh photosynthesis. I found both
NIR, indices to be strong proxies for GPP, while SIF poorly tracked GPP. NIRy raq is likely
the best proxy because it did not saturate at high sunlight intensities like NIRyp at short
timescales. Although the tidal cycle more strongly attenuated the remote sensing proxies,
the effect averaged out on longer temporal scales. The robust correlations with GPP at
longer temporal scales indicate NIRy raa and NIRyp are strong candidates for tracking salt
marsh photosynthesis with satellite observations and improving the certainty of the salt

marsh carbon cycle.
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Chapter 3: Assessing no net loss of wetland area and function
through mitigation banking in Virginia

3.1 Introduction

Wetlands are an invaluable ecosystem that mitigates flooding, improves local and
downstream water quality through nutrient cycling and sediment capture, and provides
storm surge protection, shoreline stabilization, fishery and wildlife habitat, and
recreation area (Friess et al., 2021; Mitsch & Gosselink, 2015). Wetlands are estimated to
provide $447 billion/year in storm protection and save over 4,000 lives per year globally
(Costanza et al., 2021). Despite these ecosystem services to humans, development and
conversion to agricultural land have driven the loss of over 50% of wetlands in the United
States and 20% globally in the past 300 years (Dahl, 1990; Fluet-Chouinard et al., 2023).
Urbanization and land use changes, such as the conversion of wetlands to hardened
surfaces, have worsened flooding and property damage from storms (Brody et al., 2013,
2007; Vazquez-Gonzalez et al.,, 2019; Zhang et al., 2018). Development continues
encroaching on wetlands in many areas, such as Houston, Texas, which has lost over 30%

of its wetlands from 1992 to 2012 due to rapid urbanization (Jacob et al., 2014).

3.1.1 Wetland policy and mitigation banking

Since the 1970s, the Clean Water Act has aimed to address the historical loss of
wetlands and “restore and maintain the chemical, physical, and biological integrity of the
Nation’s waters” (33 USC §1251 et seq., 1972). Section 404 of the Clean Water Act requires
projects that discharge dredge or fill material into all waters of the United States,
including wetlands, to receive a permit from the US Army Corps of Engineers (33 USC
§1344, 1972). Permittees must first avoid and minimize any impacts to wetlands and then
are required to compensate for unavoidable impacts. The wetland compensation process
aims to restore, create, or enhance wetlands to ensure ‘no net loss’ of wetland area or
function (US Environmental Protection Agency, 1990). Purchasing compensation credits
from a wetland mitigation bank is the most common approach for permittees to
compensate for their wetland impacts (Hough & Harrington, 2019; US Army Corps of
Engineers & Environmental Protection Agency, 2008). Some states have extended

wetland protections beyond federal jurisdiction, such as Virginia, which requires wetland
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Figure 3.1. The size of wetland mitigation banks established in Virginia during 1995-
2024 (left), and the area of permitted wetland impact activity during the same period
(right).
compensation for all surface water impacts through its Virginia Water Protection Permit
and is the study area in this chapter (Va Code § 62.1-44.15:20, 2001).

Mitigation banks are large wetland restoration, enhancement, creation, and
preservation projects managed by a third party and constructed in anticipation of
developers’ needs to offset wetland impacts (US Army Corps of Engineers &
Environmental Protection Agency, 2008). In contrast to other forms of compensation,
wetland mitigation banks have a higher chance of restoration success than multiple
smaller compensation projects constructed on an impact-by-impact basis (Levrel et al.,
2017; Moreno-Mateos et al., 2012). In Virginia, wetland mitigation banks average 220
acres in size and pool credits from many much smaller impact sites (Figure 3.1). Most
mitigation banks restore agricultural land that was historically wetland and supplement
credits by preserving and enhancing neighboring wetlands or upland buffers. The
restoration process usually involves removing drain tiles and filling ditches used to drain
the agricultural land to restore wetland hydrology, planting native facultative or wetland
species of trees, and planting a seed mix of common wetland shrubs and grasses.

Permittees must purchase bank compensation credits based on the area and type
of wetland their project impacts (US Army Corps of Engineers & Environmental
Protection Agency, 2008; Va Code § 62.1-44.15:20, 2001). For instance, a project
impacting one acre of an emergent wetland requires the permittee to purchase one

compensation credit (one credit per acre impact ratio). Impacts to shrub-shrub and
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forested wetlands have higher compensation ratios of 1.5 and 2 credits per acre impacted,
respectively. Permittees must buy credits from a bank in the same U.S. Geological Survey
8-digit Hydrological Unit Code (HUCS8) subbasin or an adjacent HUCS8 in the same river
watershed. Although permittees are not required to purchase credits of the same wetland
type (i.e., purchase credits from forested wetland restoration for impacts to another
forested wetland), most of Virginia’s mitigation banks, impact wetlands, and historical
wetlands have been forested (Bauer & Campbell, 2022).

Mitigation banks are assigned credits representing the wetland acreage and
function of the bank. In Virginia, an Interagency Review Team (IRT) of federal and state
agency representatives assigns credits to banks using the following ratios (VA Dept. of

Environmental Quality, n.d.):

Restoration = 1:1 (one credit per acre)

Creation = A range of 1:1 to 1:2 (one credit per acre to two acres)
Enhancement = A range of 1:3 to 1:9, depending on functions enhanced
Preservation = 1:10

Upland Buffer Restoration = 1:15

Upland Buffer Preservation = A range of 1:20 to 1:40

At least 50% of a bank’s credits must be from wetland restoration or creation to ensure
new wetlands are being produced and no net loss of wetland area is achieved (US Army
Corps of Engineers & Environmental Protection Agency, 2008). The low credit-to-acre
ratios for enhancement and preservation also ensure the compensation process does not
rely heavily on strategies that don’t produce new wetlands.

Bank credits are posted for sale in phases as the bank reaches a series of
performance criteria. Hydrological, soil, and vegetation performance standards are
specific to each bank and wetland type and can be found in detail in the Virginia
Department of Environmental Quality’s Mitigation Bank Instrument on their
compensatory mitigation webpage (VA Dept. of Environmental Quality, n.d.).
Hydrologically, restoration and creation sites must have a water table depth less than 12
inches below the surface for at least 14 consecutive days during the growing season. Soils

must be hydric, have bulk density for specific target wetland types, and meet required

50



redox chemistry standards. Vegetation performance standards require specific native
plant species canopy coverages and stem heights. Wetland enhancement standards
depend on the function the bank explicitly tries to enhance. In Virginia, most wetland
enhancements aim to restore an existing wetland’s historical hydrology by filling ditches

and removing drain tiles.

3.1.2 Evaluating no net loss policy

Although the Clean Water Act aims to conserve wetland area and function,
assessing how well this is achieved in practice is challenging. While quantitative metrics
of no net loss of wetland areas are straightforward, characterizing ecosystem function is
not. Ecosystem function is a multifaceted concept composed of many ecological
processes, such as carbon and nutrient cycling, which are generally uncorrelated with
wetland size (Barbier, 2012; Barbier et al., 2008). Moreover, wetland function varies with
environmental factors and climate change stressors, and thus, evaluations must be site-
specific (Koch et al., 2009).

Studies examining the success of mitigation banks have typically relied on floristic
metrics, such as floristic quality assessments that measure species richness and the
density of native vs. non-native vegetation species. Some in situ floristic studies have
found mitigation banks tend to have significantly different species compositions and be
more dominated by non-native species than natural wetlands (Stefanik & Mitsch, 2012;
Tillman & Matthews, 2023). Others found no difference in floristic quality and suggested
mitigation banks are higher quality than degraded natural wetlands typically impacted by
permitted activity (Gutrich et al.,, 2009; Hopple & Craft, 2013; Spieles et al., 2006;
Tillman et al., 2022; Van den Bosch & Matthews, 2017). However, floristic metrics are not
direct metrics of wetland vegetation function and can vary over a decade after restoration
(Matthews, 2015; Matthews et al., 2009; Spieles, 2005; Spieles et al., 2006; Tillman et
al., 2022; Wall & Stevens, 2015). One of the few studies directly examining function found
mitigation banks to have less aboveground net primary productivity than reference sites
(Stefanik & Mitsch, 2012). However, the authors found older mitigation banks (>15 years
old) approached the productivity levels of reference wetlands. Other work using aerial

photography has found overestimations and inaccuracies in assessments of the
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reestablished wetland area and ecological gains from mitigation banks (Griffin & Dahl,
2016; Mack & Micacchion, 2006).

These findings emphasize the variability in wetland mitigation banks regarding
restoration success, species composition, and function and the need to improve ecological
monitoring approaches to capture wetland dynamics beyond the typical monitoring
period of 5 years without intensive in-field sampling. Collecting and synthesizing new and
existing data that represent the spatial and temporal variability of wetland function is
pivotal to improving management practices and determining whether no net loss is
achieved through mitigation banking (Levrel et al., 2017).

Remote sensing of wetland vegetation is a prime candidate for addressing this
challenge in wetland management and assessing the efficacy of no net loss of wetland
function in mitigation banking. Photosynthesis is a foundational component of ecosystem
function; it underlies many foundational vegetation properties, such as aboveground
biomass, stem height, and canopy density (Cavender-Bares & Bazzaz, 2004). In the case
of wetlands, these vegetation properties ultimately determine the potential of a wetland
to attenuate wave energy, mitigate flooding, improve water quality, and remove carbon
dioxide from the atmosphere (Coops et al., 1996; Moller, 2006; Rupprecht et al., 2017).
Thus, remote sensing of photosynthesis can be a proxy for wetland function and its overall
potential to provide ecosystem services. Further, remote sensing can also provide long-

term ecological monitoring datasets without time-intensive field sampling.

3.1.3 Chapter 3 Aims

Twenty years ago, the National Research Council published a consensus study that
concluded the conservation of wetland function is not being achieved through Section 404
permit mitigation banking and called for improved methods to assess wetland function in
mitigation banks (National Research Council et al., 2001). This dissertation chapter
reexamines the question of no net loss of wetland function using remote sensing. I build
off the approaches optimized in Chapter 2 to quantify vegetation function in wetland

mitigation banks in Virginia. I explore the following research questions:

1. How well has mitigation banking achieved no net loss of wetland area and

function in Virginia?
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2. How may mitigation banking have rearranged wetland distributions and
associated ecosystem services in Virginia?
3. How does wetland photosynthesis and vegetation greenness vary over time at

mitigation banks?

3.2 Methods
3.2.1 Wetland Mitigation Bank Permit Data and Analysis

Wetland mitigation bank and Section 404/Virginia Water Protection permit data
were retrieved from the U.S. Army Corps of Engineers’ Regulatory In-lieu Fee and Bank
Information Tracking System (RIBITS, n.d.). Mitigation bank data included year of
establishment, credit release schedule, total acreage, and bank location. Mitigation banks
whose status was pending, terminated, or withdrawn were excluded from the analysis.
Banks selling only stream credits were also excluded. Tidal wetland banks were excluded
from the analysis because their crediting system is regulated by the Virginia Marine
Resource Commission, which uses a different system for assigning credits. This filtering
left 97 banks located in Virginia for further analysis.

Wetland acreage and credit initiation, release, and withdrawal transactions from
1995 to July 2024 were obtained by downloading the RIBITS transaction ledgers of the
97 selected banks. Stream credit transactions were removed from bank ledgers selling
wetland and stream credits, leaving 5,100 transactions for further analysis.

To examine the supply and demand for wetland compensation credits, bank
release credits were totaled (supply) and compared against credit withdrawal transactions
(demand) across all banks for five-year periods starting in 1995. To examine no net loss
of wetland area, newly established bank acreage was totaled and compared to impacted
acreage over five-year periods starting in 1995. Bank and impact locations were plotted
on a map of Virginia to determine the spatial distribution of compensation and impact
sites (note that only 22% of permits listed the latitude and longitude of the impact site).
The net gain or loss of wetland area and credits for HUC8 hydrological units was
calculated to examine potential redistributions of wetlands and ecosystem services across

Virginia.
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Figure 3.2 Locations of 11 wetland mitigation banks that were
selected for vegetation function remote sensing analysis.

3.2.2 Remote Sensing Data Analysis

The MOD13Q1 and MODo09A1 MODIS sensor data products (Terra satellite) were
used to examine vegetation greenness and photosynthesis as a proxy of wetland function
for 11 selected mitigation banks from 2000-2023 (Figure 3.2). All mitigation banks were
non-tidal wetlands except for Goose Creek. The selected banks accounted for 40% of total
non-tidal wetland compensation credits released between 1995 and 2024, excluding
Goose Creek, which is on a different tidal wetland credit system. All MODIS data products
were downloaded from the Oak Ridge National Lab’s Terrestrial Ecology Subsetting &
Visualization Services Global Subsets Tool over the locations of selected wetland
mitigation banks (“ORNL DAAC,” 2024). The MOD13Q1 data product is a 250 m, 8-day
normalized difference vegetation index (NDVI) observation. The MOD09A1 500 m, 8-day
product includes a red reflectance band (Band 1, 620-670 nm) and a near-infrared
reflectance (NIR) band (Band 2, 841-876 nm) that were used to calculate the near-

infrared reflectance of vegetation (NIR,) as:
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NIRy has recently been shown to be a strong proxy for canopy photosynthesis in multiple
ecosystem types (Badgley et al., 2019, 2017; Baldocchi et al., 2020; Dechant et al., 2022).
Banks were selected for remote sensing analysis based on the bank’s size and shape to
align with the size of the MODIS pixel. Each bank's NDVI and NIRy time series were
analyzed with a singular spectrum analysis to isolate the long-term trends in vegetation
greenness and photosynthesis post-restoration. MATLAB’s trenddecomp function was
used to decompose NDVI and NIR, post-restoration into long-term, seasonal, and
residual trend components over three-year lag windows. The linear slope of the long-term
trend line was used to determine if a mitigation bank maintained vegetation function over

time.

3.3 Results and Discussion

This dissertation chapter aims to assist regulators and practitioners involved with
wetland mitigation banking and management in assessing whether compensation
programs meet their goals of no net loss of wetland area and function and provide new
ecological monitoring approaches. Below, I present the results and discuss my research

questions.

3.3.1 How well has mitigation banking achieved no net loss of wetland area and function
in Virginia?

A comparison of bank supply and permittee demand for wetland areas suggests
that mitigation banking has achieved no net loss in the total wetland area in Virginia
(Figure 3.3a). In total, 26,679 acres of wetland mitigation bank were established, and
11,024 acres of wetland were impacted by permittee activity during the 30-year study
period. The total acres of wetland in mitigation banks exceed the acres of permitted

wetland impact activity by 2.42-fold. From 1995 to 2014, wetland acre supply far exceeded
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Figure 3.3 Acres (a) and credits (b) of wetland released (blue) and purchased

(orange) from wetland mitigation banks in Virginia 1995-2024.
demand. However, the rate of bank acres produced in the past 15 years has declined while
the acres impacted have remained relatively constant. This has led to only a small surplus
of bank acres in recent years and a shortage in 2015-2019. Not every acre of wetland in a
mitigation bank results from wetland creation or restoration: preservation or
enhancement can also count towards a bank’s total acreage. Thus, some of the total
wetland acres released should not technically count towards an accounting of no net loss
of wetland area because they existed before the bank was established. However, given the
significant excess of bank acres and the requirement that at least 50% be from restoration
or creation, there has been no net loss of area over the entire 30-year study period.

There is a similar 2.38-fold excess in total bank credits released compared to

credits purchased by wetland impact permittees, further suggesting that no net loss of
area has been achieved over time (Figure 3.3b). A similar bank-to-impact credit ratio for
wetland acres and credits indicates that the excess supply mainly comes from wetland
restoration and creation, not wetland preservation or enhancement, which have smaller
credit-to-area ratios. This indicates that mitigation banking is upholding the requirement
that 50% of bank credits come from wetland creation or restoration compensation

strategies.
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Although available bank credits vastly exceeded permittee demand from 1995 to
2009, declines in bank supply led to shortages in the past decade. Correspondence with
Virginia Department of Environmental Quality staff has confirmed a bank credit shortage
that may push permittees to other forms of compensation or a decrease in wetland
permits. ‘Rollover’ credits from older mitigation banks established 15-plus years ago are
helping to meet the current demand for wetland credits. However, this also means we
must ensure older banks maintain function and meet performance criteria after their
monitoring period of 5 years has passed. Banks that passed performance criteria decades
ago are likely experiencing more significant effects of climate change and thus may not
function at the same capacity. Thus, assuming no net loss of area equates to no net loss of
function does not hold. Additional analysis is presented in Research Question 3 to more

conclusively determine if no net loss of function has been achieved.

3.3.2 How may mitigation banking have rearranged wetland distributions and
associated ecosystem services in Virginia?

Most wetland mitigation banks are clustered in the eastern half of Virginia, on the
outskirts of Virginia Beach, Richmond, and Washington, D.C. (Figure 3.4a). Permittee
impact locations are concentrated in urban areas around Washington, D.C., Richmond,
Charlottesville, and Virginia Beach (Figure 3.4b). Although most permittee-bank
transaction distances are less than 50 km, mitigation banking has shifted wetlands from
urban areas to more rural locations (Figures 3.4c & 3.4d). This shift makes economic
sense: permittee impact locations are concentrated in areas of development and urban
growth, and mitigation banks need large undeveloped areas and will favor cheaper land
in more rural areas. Previous studies have reported similar urban-to-rural shifts when
examining wetland mitigation banks and similar biodiversity compensation programs
(BenDor et al., 2007; BenDor & Stewart, 2011; Ruhl & Salzman, 2006; van Maasakkers,

2021).
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At the watershed subbasin scale, wetland credits and acreage were generally
conserved in individual HUC8 watershed subbasins. Most HUC8 codes had a moderate
increase or no net change in wetland area (Figure 3.5a & b). However, there were areas
with significant net wetland gain and a few with net wetland loss. Over 50% of net wetland
area and credit gains were concentrated in three HUCS8 codes south of Virginia Beach
(0301005), north of the Richmond-Charlottesville corridor (02080106), and near
Washington D.C. (02070010) (Table 3.1). These three HUC8s gained 3,752, 3,142, and
2,405 acres of wetland, respectively. HUC8 codes along the James River and in Northern
Virginia also gained significant wetland acreage. Five of the 51 HUCS8 codes had a net loss
of wetland area, but no area lost more than 150 acres. None of the areas with a net loss
had a mitigation bank in the same HUCS8, meaning any impacts were compensated by
purchasing credits in an adjacent HUCS. Four of the five net loss HUCS8 codes lined the
bottom of the Chesapeake Bay and contributed to a significant shift of wetlands from the
Virginia Beach area to a few large mitigation banks that line the Great Dismal Swamp
further inland.

Although wetland area was generally conserved or increased by HUCS8 code, the
urban-to-rural shift within HUC8 codes may impact the distribution and quality of
wetland ecosystem services. Shifting wetlands to a more rural and pristine environment,
free from potential sources of degradation in urban areas, could mean wetlands will
function at a higher capacity, thus increasing ecosystem services. However, the location
of a wetland within the watershed or subbasin significantly affects who may benefit from
local ecosystem services, such as flood control, shoreline stabilization, and access to
nature and recreation. For instance, wetlands upstream or within an urban area will
mitigate flooding events for more people than a wetland located downstream (Tang et al.,
2020). Ecosystem service redistributions could also have environmental justice
implications, as documented in previous studies examining mitigation banking (BenDor
et al., 2007; BenDor & Stewart, 2011; Dernoga et al., 2015; Ruhl & Salzman, 2006).
Further, low-income populations, communities of color, and otherwise disadvantaged
communities disproportionately live in low-lying coastal areas vulnerable to flooding and
are already facing additional challenges to climate mitigation and adaptation (Gourevitch
et al., 2022; Hardy et al., 2017; Lu, 2017). Concentrating many smaller urban wetlands

into a few large wetlands in rural areas also increases the average distance between
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population densities and wetlands. The urban-to-rural shift is particularly concerning for
low-lying coastal cities like Norfolk and Virginia Beach, which are experiencing land
subsidence, high relative rates of sea level rise, and frequent nuisance flooding and are
expected to face increasing flood hazards (Burgos et al., 2018; Shen et al., 2022; Van

Coppenolle & Temmerman, 2020).
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Table 3.1 Net wetland compensation credits and acreage gains by HUC8 Code

HUCS Net Acreage | Net Credits HUCS8 Net Acreage | Net Credits
02080108 -131 -76 03010201 4 7
02080107 -123 -23 05070201 10 6
02080204 -20 -13 02080203 28 39
02080111 -11 -5 03010102 30 29
03010103 -7 -7 05050001 33 11
03010104 -2 -2 02080202 37 33
03010203 -1 -1 06010205 63 37
05050002 -1 0 02080201 82 73
03010101 -1 -7 03010204 89 -24
02070006 -1 -1 02080104 106 80
06010102 0 0 02070005 194 101
05070202 0 0 03010105 202 195
02070007 0 0 02080103 301 155
03010106 0 0 02080105 320 140
02040303 0 0 02070008 321 140
02040304 0 0 02080102 344 170
02070001 0 0 02080207 474 236
02070003 0 0 03010202 596 402
02070004 0 0 02070011 1114 210
02080110 0 0 02080205 1237 635
03040101 0 0 02080206 1401 260
06010101 0 0 02080208 1649 838
06010104 0 0 02070010 2405 1490
06010206 0 0 02080106 3142 644
02080102 0 0 03010205 3752 2853
02080108 0 0 Total 17724 8623
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3.3.3 How does vegetation function vary over time at mitigation banks?

In Virginia, mitigation bank production boomed in the early 2000s before
declining after the 2008 economic recession (Figure 3.1). Ecological monitoring of older
wetland banks is essential to determine if wetland function is maintained after the bank
passes the final performance criteria and if wetland function is conserved through
mitigation banking. This is of particular concern with increasing environmental stressors
from climate change that can decrease wetland function. I used MODIS data products of
two metrics of wetland vegetation function, NDVI (vegetation greenness) and NIR,
(photosynthesis), to assess how well 11 Virginia mitigation banks have maintained
function for over a decade after restoration and long-term trends in function. Although I
only looked at 10% of mitigation banks in Virginia, I chose some of the largest banks that
account for 40% of total non-tidal wetland credits. Thus, results from this sample
represent a sizeable portion and representative sample of wetland function in Virginia
mitigation banks.

NDVI and NIRy captured clear shifts in vegetation function before and after
restoration. Before restoration at the Dover Mitigation Bank, NDVI and NIR, have short
growing seasons with high peak vegetation greenness and photosynthesis characteristics
of cropland (Figure 3.6.1). After a transition period during the restoration, NDVI and
NIR, recalibrate to a longer growing season with lower peak vegetation greenness and
photosynthesis. Similar seasonal shifts in NDVI and NIRy pre- and post-restoration are
observed in most mitigation banks (Figure 3.6.2-7).

The long-term trends in NDVI and NIR, suggest that Dover and most mitigation
banks maintain vegetation function for at least 15 years after restoration. At Dover, NDVI
quickly increased after the restoration before approaching a plateau when vegetation
communities became established (Figure 3.6.1). NIR, shows a similar though more
gradual increase after restoration. The increase in NIRy should be attributed to increased
vegetation density and total photosynthesis within the satellite pixel, not individual trees
increasing photosynthesis over time. Buena Vista, Edge Farm, Goose Creek, Lewis Farm,
and New Kent followed similar long-term trends as Dover (Figures 3.6.2, 3.6.7, 3.6.8,
3.6.9, & 3.6.11).

A few mitigation banks did not have linear trends and showed different trajectories

in vegetation function. Chickahominy declined in NDVI and NIRy for a few years after
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restoration before quickly increasing and approaching plateaus (Figure 3.6.5). At Cedar
Run, vegetation greenness had a slight positive long-term trend for the 20 years after its
restoration but had shorter periods of declining NDVI (Figure 3.6.3). Despite small gains
in vegetation greenness, NIR, gradually declined by 12% during the same period.
Chesapeake’s and Middle Peninsula’s vegetation greenness steadily increased after
restoration (Figures 3.6.4 & 3.6.10). However, NIRy did not follow the same trend and
showed periods of decline for a few years before increasing and approaching a
maintenance level. This indicates that vegetation greenness does not fully capture trends
in wetland photosynthesis. Although most of these banks eventually established robust
vegetation functions, the non-linear trends in reaching a maintenance state suggest there
may be a time lag compensating for wetland impacts at permitted activity sites.

Creeds was the only mitigation bank with consistent negative long-term trends in
NDVI and NIRy, which declined by 2% and 10% in the past 22 years (Figure 3.6.6). Creeds
was the most coastal mitigation bank in this study and was only one kilometer from the
coastline; the negative trends seen at Creeds are likely due to chronic sea level rise and
saltwater intrusion (Campbell et al., 2022; Chen & Kirwan, 2022; Saintilan et al., 2023).
Across all banks, most of the observed downward trends were minor and did not indicate
a significant net loss of wetland vegetation function. However, slight declines may signal
that climate change is exerting low-level stress on the wetlands that, over time, may
contribute to a net loss of wetland function.

Though the Clean Water Act aims to achieve no net loss of wetlands, considering
the fate of mitigation banks in the Anthropocene is essential to determining if wetland
function will be maintained. Although the observed trends in vegetation function suggest
mitigation banking has achieved no net loss of wetland function, climate change may exert
a tipping point that leads to declines in function in the near future. Warming
temperatures and increased precipitation may have aided bank restoration and driven the
increases in vegetation greenness in the more upland sites (Chen & Kirwan, 2022).
Increased vegetation stress from rising sea levels and saltwater intrusion will likely
increase. It may lead to a tipping point or gradual decline in vegetation function, as seen

at Creeds in this study (Barnard et al., 2021; Herbert et al., 2015; Wang et al., 2023).
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Figure 3.6.1 Time series (left) and the long-term trends (LT, right) of NDVI
(top) and NIRy (bottom) at the Dover Mitigation Bank. Note the time series plot
data before and after the restoration and the long-term trend plots are only from
data after the restoration. The vertical line on the time series marks the year of
the bank’s restoration.
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Figure 3.6.2 Time series (left) and the long-term trends (LT, right) of NDVI
(top) and NIRy (bottom) at the Buena Vista Mitigation Bank. Note the time series
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of the bank’s restoration.
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Figure 3.6.4 Time series (left) and the long-term trends (LT, right) of NDVI
(top) and NIRy (bottom) at the Chesapeake Mitigation Bank. Note the time series
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of the bank’s restoration.
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plot data before and after the restoration and the long-term trend plots are only
from data after the restoration. The vertical line on the time series marks the year

of the bank’s restoration.

71



1 GooseCreek 0.8 ‘ quseCrgek ‘
08 T e
m &
(7] [}
206 1=
5 So4
= >
S04 a
=) =
=z 02+
0.2 y = 1.30e-04x + 0.64
we | T w=u=ilinear Trend Line]
0 | | 0 e .‘ i
2000 2005 2010 2015 2020 ST F PO 2> 200 D gb
PR PR PR P R P QPP
GooseCreek ) 0.2 GooseCreek
0.6
—_ 05" ] 0.15M
@ @
3 04 o
= c
c L il
3 03 | S 01
>
> o
o z
z 02 ' ! 0.05" ]
| y = 1.37e-05x + 0.14
0.1 ,
[==LT ===:Linear Trend Line|
0 |
2000 2005 2010 2015 2020 P F P OO R D G
PR R R PP D QPP

Figure 3.6.8 Time series (left) and the long-term trends (LT, right) of NDVI
(top) and NIRy (bottom) at the Goose Creek Mitigation Bank. This bank was
established in 1982, before the Terra satellite was launched. The long-term trend
analysis begins in 2000 when MODIS data is first available.
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series plot data before and after the restoration and the long-term trend plots are
only from data after the restoration. The vertical line on the time series marks

the year of the bank’s restoration.
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Figure 3.6.11 Time series (left) and the long-term trends (LT, right) of NDVI
(top) and NIRy (bottom) at the New Kent Mitigation Bank. Note the time series
plot data before and after the restoration and the long-term trend plots are only
from data after the restoration. The vertical line on the time series marks the

year of the bank’s restoration.
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3.4 Chapter Conclusions

This chapter aimed to determine how well mitigation banking has conserved
wetland acreage and function in Virginia. Over the past 30 years of wetland impact
permitting, I found mitigation banking has led to a ~15,000-acre net increase in Virginia
wetlands. However, the wetland mitigation bank production rate has decreased in the
past decade, and it is unclear if the supply of compensation credits can meet demand. The
net gain of wetlands was concentrated in a few areas of the state where many mitigation
banks are located, but no HUCS8 region lost a significant amount of wetland. Long-term
trends in vegetation greenness and photosynthesis suggest most mitigation banks have
maintained vegetation function for up to 25 years after restoration. Given the large
surplus in wetland areas produced by mitigation banking compared to the area of
permitted wetland impacts, I conclude that wetland function has been conserved, if not
increased, across the state. However, some banks struggled to establish wetland
vegetation function on shorter time scales, which may lead to a lag in compensating for
wetland impacts. Further, saltwater intrusion and sea level rise may lead to a decline in
vegetation function at banks near the coast. Ultimately, I conclude that mitigation
banking has achieved no net loss of wetland area and function in Virginia. However,
establishing more mitigation banks in uplands is essential to conserving wetland

functions in the long term.
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Conclusions and Future Work

Salt marshes play an outsized role in the global carbon cycle, but many individual
carbon fluxes are highly uncertain (US Global Change Research Program, 2018).
Constraining the salt marsh photosynthetic CO- flux and its sensitivity to climate change
is essential to improving climate models and implementing successful nature-based
solutions (Griscom et al., 2017). Further, photosynthesis is a foundational ecosystem
function that underlies many wetland ecosystem services. Improved remote sensing of
wetland photosynthesis can be used to evaluate wetland restoration strategies and more
effectively implement environmental policy. Although remote sensing of vegetation is an
extensive scientific field, wetlands are relatively understudied compared to other
ecosystem types, and more wetland-specific studies are needed (Ingalls et al., 2024). This
dissertation addresses these challenges by (1) building a comprehensive dataset of salt
marsh CO. fluxes, (2) describing a previously unreported response of salt marsh
vegetation to environmental stress, and (3) evaluating remote sensing approaches to
monitor wetland vegetation function for scientific and management applications.

In Chapter 1, I identified midday depression of photosynthesis as a mechanism by
which salt marsh vegetation responds to salinity and water stress that can build up during
periods of low tides and warmer temperatures. This novel finding is a significant
contribution to understanding the climate sensitivity of the salt marsh carbon sink.
Because midday depression is uncommon in C4 vegetation, the ubiquitous nature of the
depression is particularly surprising and suggests there is still much to learn about the
photosynthetic pathway of Spartina alterniflora. Future work should investigate the
mechanism of midday depression further with leaf-level measurements. This can
determine if the midday depression is primarily driven by stomatal closure, biochemical
decreases in photosynthesis, increased photorespiration, or another unknown
mechanism. Additionally, understanding the mechanism behind salt marsh midday
depression may clarify why remote sensing proxies and GPP flux observations diverged
in Chapter 2 and suggest ways to improve remote sensing monitoring approaches.

In Chapter 2, I found NIRy raaand NIRy p to be strong ground-based proxies for salt
marsh GPP. This finding addresses two challenges specific to remote sensing of salt

marshes. First, salt marshes occupy a heterogeneous landscape plagued by the mixed

77



pixel problem, making it challenging to attribute satellite observations to vegetation,
water, mudflats, or other land types. NIR, is particularly appealing for satellite-based
remote sensing of salt marshes because its NDVI term isolates the fraction of signal
arising from vegetation and can help address the mixed pixel problem of heterogeneous
coastal landscapes (Badgley et al., 2017). Second, combined with previous work in other
ecosystems with sparse vegetation, the success of ground-based NIR, at tracking salt
marsh GPP suggests the NDVI term minimizes the effects of soil background and legacy
dead vegetation that often hinder vegetation remote sensing observations (Baldocchi et
al., 2020). Overcoming these challenges with ground-based observations suggests NIRy
is a strong candidate to track salt marsh GPP with satellite observations. Future work
should use tower-based GPP to validate satellite-based NIR, from sensors with various
spatial and spectral resolutions. More ground-based observations of NIRy in salt marshes
of different elevations and latitudes are also needed to further understand and constrain
the NIR,-GPP relationship. Future work should also examine if more recently developed
NIRy indices incorporating shortwave infrared reflectance can further reduce the effects
of soil background and better track salt marsh GPP (Ranjbar et al., 2024).

Although SIF poorly tracked GPP in this study, future studies should aim to
improve SIF retrieval and data processing approaches to generate higher quality SIF data
and reexamine the potential of SIF to track salt marsh GPP. SIF has a higher signal-to-
noise requirement than NIRy because SIF is a small percentage of the total observed
surface reflectance, which limited my collection of high-quality SIF data. In theory, SIF is
more directly linked to photochemistry than NIR,. Thus, SIF may be a better tool to
understand the mechanism of midday depression of photosynthesis in Spartina
alterniflora if the impact of soil background and humidity on signal noise can be better
accounted for in its retrieval.

In Chapter 3, I analyzed 30 years of wetland permit data and used NIRy and NDVI
to monitor vegetation function in wetland mitigation banks for up to 25 years after
restoration. I concluded that mitigation banking has achieved no net loss of wetland area
and function in Virginia; however, climate change may lead to the degradation of banks
in the coming decades. I also observed clear wetland shifts from urban to rural areas,
which could have environmental justice implications and alter who benefits from wetland

ecosystem services. Future work should investigate this question by integrating finer-
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scale permit data (most of my dataset did not include impact site latitude and longitude)
and U.S. census data. Incorporating watershed and flood modeling under different
wetland location scenarios could also reveal how mitigation banking may alter flooding
patterns and help decision-makers ensure that mitigation banking does not increase
flooding and other environmental hazards.

My Chapter 3 results highlight the success of academic-stakeholder collaborations
extending beyond academia. My initial research questions for this chapter were
scientifically interesting but focused too heavily on examining no net loss of wetland on
an impact-by-impact basis. Working closely with my collaborator, Dave Davis, who
oversees state-level regulations of wetland mitigation banking in Virginia, we identified
research questions that would generate results that would be more useful to the needs of
stakeholders in his field. In my case, that meant focusing on the trajectory of mitigation
banks after passing their performance criteria and examining whether climate change
impacts vegetation function. Thus, engaging with stakeholders during a project

conceptualization phase and keeping them involved throughout the project is crucial.
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Figure A1. Distributions of the root mean square error (RMSE) and R2 correlation
coefficient of morning and afternoon photosynthesis-irradiance curves used in the
Chapter 1 data analysis.
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Figure A2. Example daily photosynthesis-irradiance curve fitting for July 12, 2021.
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