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ABSTRACT

Study of salt marsh biophysical properties is imperative to understand its response to
environmental change. We developed protocols for mapping biophysical properties of salt
marshes such as Green Leaf Area Index (GLAI), Canopy Chlorophyll {C¥égetation

Fraction (VF), and aboveground Green Biomass (GBM) using moderate resolution satellite
images and in-situ data for the salt marshes in south-eastern United States. The time-series
products derived using the biophysical models have been able to capture the spatio-temporal
effects of the environmental events affecting the salt marshes of the region. We also tested the
performance of different smoothing functions to derive noise-free phenology for Louisiana (LA)
and Georgia (GA) salt marshes from the time-series GBM composites, and selected the best
smoothing function to derive and analyze phenological parameters for salt marsh habitats. Long-
term trend analysis of phenological parameters indicate positive changes in the base GBM

values, and mostly negative changes in the GBM amplitude and small seasonal integral, which



indicate overall progressive decline in the rates of photosynthesis and biomass allocation in the
salt marsh ecosystem. This observed decline in photosynthesis and biomass allocation may be
attributed to elevated atmospheric carbon dioxideJ@®els and sea level rise. Finally we
attempted to map Gross Primary Productivity (GPP) for a salt marsh habitat in the Gulf Coast,
using the GBM composites and in-s@PP estimates from eddy covariance,@0x towers.

The time-series composites and phenological charts developed using the biophysical GPP model
was able to capture the effect of different environmental events such as dieback and hurricane
landfall. The results illustrate the relative efficiency of MODIS in analyzing salt marsh
biophysical propertieghis is the first study to employ MODIS images to study the long-term
trends in biophysical characteristics of salt marshes in south-east United States. The methods
described in this study as well as the biophysical products derived using the methods has the
potential to improve our ability to predict their productivity and carbon sequestration potential.
These techniques could also be used to assess the success of previous and ongoing salt marsh
restoration projects, and evaluate the productivity of marshes under threat from both natural and

anthropogenic drivers.

Index terms: Salt marsh, MODIS, Phenology, Green Leaf Area Index, Canopy Chlorophyll,
Vegetation Fraction, Green Biomass, Gross Primary Productivity, Trend Analysis, Eddy

Covariance, Carbon Dioxide, Carbon Sequestration.
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CHAPTER 1

INTRODUCTION

Salt marshes are one of the most ecologically and economically productive as well as vulnerable
ecosystem of the world (Mitsch and Gosselink, 2001; Tiner 2013), performing various ecological
functions such as water quality renovation through nutrient retention (White et al. 2004; Valiela
et al. 2002), shoreline stabilization (Gedan et al. 2011), sediment trapping (Morgan et al. 2009),
ground water recharge (Ganju et al. 2005), providing habitats for numerous species (Seabrook,
2006) , and storm surge protection (Barbier et al. 2008; Langlois et al. 2003). Salt marshes are
also crucial in sustaining local and regional fisheries (Kritzer and Hughes, 2010), and supporting
hunting of waterfowl and other game animals (United States Fish and Wildlife Service and
United States Census Bureau, 2006). Further, the high carbon sequestration potential of salt
marshes make them critical habitats especially considering the exponential increment of
greenhouse gases in the atmosphere since last few decades (Connor et al. 2001; Chmura et al.
2003). However, these critical habitats are severely threatened by natural and anthropogenic
activities such as global warming induced sea-level rise (Fitzgerald et al. 2008; Nicholls et al.
1999), diebacks (Ogburn and Alber, 2006), land use/land cover change (Kennish, 2001; Silliman
et al. 2009), soil erosion (Sugumaran et al. 2004; Ravens et al. 2009), natural and man-made
disasters and associated clean-up efforts (Hester and Mendelssohn 2000; Mishra et al. 2012,
Moller et al. 2014; Mishra and Ghosh, 2015; Khanna et al. 2017), and ecological succession

(Chambers et al. 2003; Artigas and Pechmann, 2010).



Majority of the research efforts for monitoringtsalarshes using remote sensing have been
focused on delineating its spatial extent and chaladection, and classifying plant communities
using both active and passive satellite sensorsianterous image processing techniques (Wang
et al. 2010; Marani et al. 2006; Sadro et al. 2@¥nore et al. 2008; Lucas and Carter 2008;
Artigas and Pechmann, 2010; Collin et al. 2010;rBaghe et al. 2010; Zuo et al. 2012; Goudie,
2013). These techniques provide crucial informategarding the presence/absence of salt
marsh patches, with previous and current spattgnes, along with the dynamics of wetland
cover change. However, remote sensing studies mitonmg and analyzing the biophysical
characteristics of salt marshes such as Canopy@tigll content (CHL), Green Leaf Area
Index (GLAI), Vegetation Fraction (VF), Green Biogsa(GBM), and ultimately Gross Primary
Productivity (GPP) is critical as they are the @mnindicators of the overall health and
productivity of the vegetation specifically the @iglogical status, photosynthetic capacity, and
nitrogen content (Blackburn, 1998; Pierce et a@4t®inar and Curran, 1996). Unfortunately,
such studies attempting to understand and anabygpterm trends in biophysical characteristics
are very limited and intermittent (Kearney et &09, Mishra et al. 2012; Ghosh et al. 2016;
O’Connell and Schalles, 2016). A robust mappindgqarol for biophysical characteristics for salt
marshes is critical in assessing not only the hezlthe salt marsh habitats, but also the

success/failure of previous restoration effortaniite and Mitsch, 2005; Friess et al. 2012).

A crucial outcome of mapping biophysical charastés of any vegetation ecosystem using
remote sensing is vegetation phenology. Vegetatimnology affects terrestrial carbon cycling
across a wide range of ecosystem and climate regiBadocchi et al. 2001; Churkina et al.
2005; Richardson et al. 2009), and as such, aecinfrmation related to phenology is

important to studies of regional-to-global carbanigpets. Therefore, phenological properties or



seasonality parameters, such as the timing of the start and end of season, rate of green—up and
brown—down, amplitude, and maximum growth level influences land surface albedo (Moore et

al. 1996; Ollinger et al. 2008) and exerts strong control on surface radiation budgets and the
partitioning of net radiation between latent and sensible heat fluxes (Chen and Dudhia, 2001,
Yang et al. 2001). Therefore, the phenological dynamics influence a host of eco-physiological
processes that affect hydrologic processes (Hogg et al. 2000), nutrient-cycling (Cooke and Weih,
2005), and land—atmosphere interactions (Heimann et al. 1998), and hence have become
emerging indicators of global environmental changes (Kunkel et al. 2004; Scheifinger et al.
2002). Satellite derived biophysical properties have been frequently utilized to understand
vegetation phenology (Soudani et al. 2008; Zhang and Goldberg, 2011). Over the years, remote
sensing-based phenology have been intensively studied with fine temporal satellite sensors such
as the Advanced Very High Resolution Radiometer or AVHRR (Reed et al. 1994) and Moderate
Resolution Imaging Spectroradiometer or MODIS onboard Terra and Aqua satellites (Zhang et
al. 2003). Studies have utilized such fine temporal resolution images for monitoring ecosystem
phenology at both site-specific and landscape scales (Ahl et al. 2006; Fisher and Mustard, 2007,

Zhang et al. 2006; de Beurs and Henebry, 2005; White et al. 1997).

Although development of methods and techniques to automatically retrieve land surface
phenology metrics from satellite data has been a popular research topic (de Beurs and Henebry,
2010; White et al. 2009; Walker et al. 2012), nature of satellite data makes it difficult to extract
phenological metrics from it directly (de Beurs and Henebry, 2005; Verbesselt et al. 2010).
Satellite derived time-series data inevitably contain disturbances caused by cloud presence
(Gutman, 1991), atmospheric variability (Huete and Liu, 1994), and aerosol scattering (Xiao et

al. 2003), that degrades the data quality and hinders analysis. Therefore, satellite derived time-



series data are commonly quality-screened and/oo8mad to minimize noise and compensate
for the absence of data before phenological metacsbe estimated (Atkinson et al. 2012).
Several methods such as usage of various smodtimatons and statistical filters data have
been proposed to remove such noise and to recohbktgh-quality time-series product (Viovy

et al. 1992; Jonsson and Eklundh, 2002; Chen 208b; Moody et al. 2005; Sellers et al. 1994;
Roerink et al. 2000). Once the signal-to-noiseorais been improved in the satellite derived
time-series, basic phenological parameters carebeed using different methods (Zhang et al.
2003; Heumann et al. 2007). Phenological parambgars been studied in details in a variety of
different terrestrial such as tropical rainforesisgiduous habitats, grasslands, and aquatic
ecosystems such as phytoplankton (Asner and AleB0a0; Hufkens et al. 2012; Shen et al.
2011; Palmer et al. 2015). However, no such attdraptbeen made so far to study phenological

parameters of salt marsh ecosystem.

Further, while numerous studies have explored seeatfl satellite remote sensing data for
monitoring terrestrial phenology at landscape tparal scales (Fisher et al. 2006; Myneni et al.
1997; Soudani et al. 2008; White et al. 2009), s8¢ the relationship between satellite-based
measurements of phenology, anesitu phenological observations remains a challenge €Sinc
imagery from remote sensing platforms such as MGOBISten collected at a very coarse spatial
resolution, it encompasses considerable pixel lewelscape heterogeneity. Therefore,
comparison of phenological dates derived from Beg@mages withn-situ observations of
phenological dates is necessary for evaluationrof® uncertainties in phenological
measurements (Graham et al. 2010, Hufkens et 42, Zlmore et al. 2012, Klosterman et al.
2014). Again, visual observations are labor intem$o collect and the spatial extent of

observations collected by an individual is inhelseltnited. Hence, digital repeat photography,



a form of near-surface continuous remote sensing, provides data at higher temporal frequency
and finer spatial scale than satellite remote sensing (Richardson et al. 2009; Sonnentag et al.
2012). Color indices derived from digital repeat photography have been used to characterize the
phenology of diverse plant communities and functional types (PFT) including deciduous
broadleaf forest (Richardson et al. 2007: Ahrends et al. 2008: Ide and Oguma, 2010: Sonnentag
et al. 2012: Hufkens et al. 2012: Dragoni et al. 2011), evergreen broadleaf forest (Zhao et al.
2012), evergreen needle-leaf forest (Richardson et al. 2009: Ide and Oguma, 2010: Bater et al.
2011), desert shrublands (Kurc and Benton, 2010), bryophyte communities (Graham et al. 2006)
and invasive plants (Sonnentag et al. 2011). Phenological events derived from using digital
repeat photography has been matched with satellite derived phenology to evaluate the
performance of satellite images in phenology estimation (Brown et al. 2016; Melaas et al. 2016;
Liu et al. 2016). Using the methods described, phenology has been studied in details in a variety
of different terrestrial such as tropical rainforests, deciduous habitats, grasslands, and aquatic
ecosystems such as phytoplankton (Asner and Alencar, 2010; Hufkens et al. 2012; Shen et al.
2011; Palmer et al. 2015). However, studying long-term trends of salt marsh phenological

parameters have not been performed or reported.

As mentioned before, the potential of salt marshes as significant carbon sinks is well recognized
(Connor et al. 2001; Chmura et al. 2003; McLeod et al. 2011). Carbon sequestration rates of salt
marshes have been reported to be higher than that of terrestrial forests, but uncertainties exist in
the global area of salt marsh and the rates of carbon dioxide sequestration throughout each marsh
(McLeod et al. 2011). The carbon sequestration rates reported for salt marshes range from 18 to
1713 g C nf yr'’; and considering the global extent of salt marshes between 22,000 to 400,000

km?, these habitats could be storing 4.8 - 87.2 TgtMrcleod et al. 2011). In addition, salt



marshes can store carbon for millennia (Macreadat. 2012); the carbon stock often termed as
‘blue carbon’ (Nelleman and Corcoran, 2009). Howgedespite their value as carbon sinks, salt
marsh habitats have experienced significant glodzhlction (~25% since the 1800s; Bridgham
et al. 2006; Duarte et al. 2006), mostly due toetlgymental activities, conversion of marsh
habitats to agriculture, sea-level rise and enwvirental hazards (Coverdale et al. 2013; Kennish,
2001; Mishra et al. 2012). Due to such natural amtiropogenic drivers, the environment is
losing a crucial carbon sink; significant amourtsarbon is being released in the form of
carbon dioxide (Cg) to the atmosphere due to disturbances, whicturim is enhancing global
warming (Macreadie et al. 2013). In order to protewch invaluable resources, implementation
of effective conservation and restoration of suahitats is crucial, which requires both periodic
and long-term monitoring of physiological healtldgroductive status of salt marsh habitats

(Ghosh et al. 2016; O’'Connell and Schalles, 2016).

GPP is defined as the total amount of energy predilby vegetation and a key component of
ecosystem carbon fluxes, and is one of the mosbiitapt biophysical characteristics and a key
indicator of vegetation productivity (Monteith 197eer et al. 2010). GPP can be calculated as
the sum of vegetation assimilated carbon flux,ipanied from net carbon exchange measured at
eddy covariance (EC) tower sites (Baldocchi e2@01; Reichsteinet al. 2007). Long-term
readings from the flux towers may provide estimateSGPP within the tower footprint that may
range from a hundred meters to several kilometettseaecosystem level (Gockede et al. 2008;
Osmond et al. 2004). However, such observationsrared, both temporally and spatially.
Satellite remote sensing can provide consistergrgbtion of vegetation productivity over large
areas, and has been reported to be widely useaxthéwacterization of canopy structure and GPP

estimation that can overcome the lack of extenS@dlux tower measurements (Running et al.



2000; Wu et al. 2010). Various diagnostic models taking advantage of spatially extensive remote
sensing and meteorological data have been developed to estimate GPP across stand-to-global
scales for a relatively long period (Jung et al. 2008; Running et al. 2004; Sims et al. 2008; Xiao
et al. 2005). A lot of research efforts have concentrated on estimation, 83 for terrestrial
vegetation such as boreal forest (Goulden et al. 1998; Baldocchi 2003), peatlands (Lafleur et al.
2005; Wille et al. 2008), grasslands (Ponton et al. 2006), and crops (Baker and Griffis 2005; Li et
al. 2008). However, similar methods for studying GPP of salt marsh ecosystem has been lacking;
the earliest eddy covariance flux tower in salt marsh habitats was set up very recently in 2013

(Georgia Coastal Ecosystem Long Term Ecological Network; http://gce-lter.marsci.ugdredu/

the last century, invasive methods proposed and used for GPP estimation in salt marshes have
yielded discrepant results, with estimates of GPP ranging from 750 — 2600°y/C-m

depending on the methods followed and integration of measurements (Kaswadji et al. 1990). For
effective conservation and restoration of salt marsh ecosystem precise information regarding
their actual productivity is required, especially rising atmospheric carbon dioxide and sea-levels
pose a significant threat to the long-term health and productive productivity of these habitats

(Ainsworth and Long, 2005; Erickson et al. 2007; White et al. 2012).
Research Objectives

The aim of this research was to develop remote sensing based methods to understand the long-
term biophysical health and productive status of salt marsh ecosystem in the southeast United
States, as well demonstrating the utility of the methods developed to identify salt marsh areas

that requires immediate implementation of conservation and restoration measures.



The first chapter provides the background for this research. The pilot study presented the first
guantitative assessment on the ecological impact of the Deepwater Horizon oil-spill on the salt
marsh habitats along the southeastern Louisiana (LA) coast. The objective of this study was to
combine LANDSAT images and in-sitbservations of Canopy Level Chlorophyll (CHiand
aboveground Green Biomass (GBM) to quantify the magnitude and the extent of the impact of
the oil-spill and clean-up efforts on the salt marsh habitat. The specific objectives included, (1)
application of a suite of algorithms combining Landsat 30-m datasets with field data to map CHL
and GBM across southeastern LA salt marshes; and (2) compare and quantify the changes
observed in CHL and GBM distribution during the salt marsh growing season between 2009

(pre-spill) and 2010 (post-spill) to isolate the spill impact.

The second chapter developed a new methodological approach for mapping biophysical health of
coastal salt marsh habitats in terms of green leaf area index (GLAI), canopy level chlorophyll
content (CHL), vegetation fraction (VF), and above ground green biomass (GBM). We

measured these biophysical characteristics in tidal wetlands of the northern Gulf of Mexico using
a combination of ground data collected from field surveys during the growing seasons of 2010
and 2011 and NASA's Moderate Resolution Imaging Spectroradiometer (MODIS) 250 m and
500 m images. The specific objectives of this research were to (1) calibrate and validate MODIS
based VIs for estimating the tidal wetland biophysical characteristics (GLAI, CHLc, VF, GBM)

in the northern Gulf of Mexico (GoM), (2) develop time-series composites of tidal wetland
biophysical characteristics for long-term productivity trend analysis, and (3) analyze broader
phenological patterns of the biophysical characteristics to assess the impact of various natural

and anthropogenic disasters.



The third chapter examined the phenology of salsimacosystem across coastal Louisiana
(LA) for a sixteen-year time-period (2000-2015)ngsthe products developed/described in the
second chapter. We utilized GBM composites deriv@dg NASA's Moderate Resolution
Imaging Spectroradiometer's (MODIS) 8-day averagtase reflectance images (500m), and
biophysical models described in the second chapler.specific objectives of this study were to
(1) describe and test methods for deriving noise-ffhenology and seasonality parameters for
salt marshes in LA, (2) validate the methods thhoaigalyzing the annual phenological
variations, and (3) analyze the long-term changeds in the seasonality parameters using

statistical trend analysis techniques.

The fourth chapter attempts to test the modelsnagithods developed in chapter 2 and 3 in a
different geographical salt marsh setting. In gtigly, we examined the phenology of salt marsh
ecosystem across coastal Georgia for a sixteentyeedperiod (2000-2015) using NASA's
Moderate Resolution Imaging Spectroradiometer's [N&) 8-day average surface reflectance
images (500m). The specific objectives of this gtwere to (1) test the performance of an
existing MODIS based GBM mapping algorithm, for mizxg GBM of salt marshes across
coastal Georgia (GA), (2) describe and test metfadderiving noise-free phenology and
seasonality parameters for salt marshes in GAgusime-series GBM composites generated
using MODIS andn-situ phenological observations, and (3) analyze the-teng change trends

in the seasonality parameters using statisticatitemalysis techniques.

The fifth chapter attempts to develop a Gross RyrRaoductivity (GPP) mapping algorithm
combiningin-situ estimations of GPP from flux towers and MODIS ded\GBM (Ghosh et al.
2016), to develop a GPP mapping algorithm for th@n@ Bay National Estuarine Research
Reserve (GBNERR) salt marsh habitats. The speaijiectives of this study were to (1)

9



establish a statistical relationship between GBM and GPP, through calibration and validation, (2)
generate time-series GPP composites using the statistical relationship for qualitative analysis of
inter and intra-annual GPP variations, and (3) derive phenology from the GPP composites to

study temporal trends in GPP of GBNERR, for a seventeen year time period (2000 — 2016).

The potential broader impact of the research goes beyond the salt marshes of the northern Gulf or
Georgia. The MODIS based models developed through this study can potentially be applied to
study salt marsh ecosystems elsewhere in United States, such as coastal Carolina, New England
or California, particularly along the San Francisco Bay. Since the salt marsh habitats along those
coastal habitats have a similar species assemblage and geomorphology, the models will not
require re-calibration to be applied. Since this may be the first study of its kind to use MODIS
derived biophysical products to develop salt marsh GPP products, it can be assumed that there
will be a lot of interests among coastal resource managers in states with salt marsh habitats to use

the tools and products developed in this study.
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IMPACT OF THE GULF OF MEXICO OIL SPILL ON LOUISIANA SALT MARSHE'S

TMishra, D. R., Cho, H. J., Ghosh, S., Fox, A., Downs, C., Merani, P. B., Kirui, P., Jackson, N.

and Mishra, S. 2012. Post-spill state of the marsh: Remote estimation of the ecological impact of
the Gulf of Mexico oil spill on Louisiana Salt Marshes. Remote Sensing of Envirgrirh@nt

176-185. Reprinted here with permission of Elsevier.

31



Abstract

One and a half years after the worst oil spill in U.S. history, we present the first quantitative
assessment on the ecological impact of the spill on the salt marsh habitats along the southeastern
Louisiana (LA) coast. This research combined satellite and ground data to quantify the impact of
the oil and dispersant on the salt marshes in terms of their photosynthetic capacity and
physiological status over a large spatial scale. Two of the most important marsh biophysical
characteristics, including distribution of canopy chlorophyll content and above ground green
biomass, were monitored across the southeastern LA coast during the salt marsh growing season
(May-October) of 2009 (pre-spill) and 2010 (post-spill) in order to compare and isolate the spill
impacted areas. The initial assessment showed that there was a significant post-spill increase in
areas with reduced biomass and canopy chlorophyll (> 48pduring the 2010 growing season
compared to 50-65 khduring the 2009 growing season. Phenological analysis of the post oil-

spill data revealed a significant decrease in the magnitude of biomass and canopy chlorophyll
during the peak of the 2010 growing season. June was consistently found to be the worst month
in terms of salt marsh health across LA over the 2010 phenological cycle followed by the initial
signs of recovery along the fringing marsh areas proximal to the shoreline that were first

impacted by oil. Interior marsh patches exhibited persistent signs of stress towards the end of the
growing season. Extensive reduction in photosynthetic activity was observed during the peak of
the growing season, particularly in Plaguemines Parish and St. Bernard Parish. The products
generated through this study successfully delineate the critical hotspots of marsh stress so that

prioritization of areas needing immediate restoration can be performed.

Keywords: Gulf of Mexico; LA; Deepwater Horizon Oil Spill; Ecological Impact; Salt Marsh;

Canopy Chlorophyll; Above Ground Biomass; Field Spectroscopy; Landsat TM
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Introduction

Salt marshes are considered to be the most vulnerable coastal environment (vulnerability index
of 10 from a 1-10 scale) that can be adversely affected by an oil spill, with the predicted
residence times of over 10 years (Gundlach and Hayes, 1978; Pezeshki et al. 2000). Salt marshes
generally have more oil-sensitive vegetation than freshwater marshes and the oil impact on
vegetation is most significant in highly organic soils of salt marshes (Lin and Mendelssohn,
1996; Pezeshki et al. 2000). The direct and immediate physical impact of an oil spill on wetland
vegetation includes the coating of the plant and soil surfaces causing temperature stress, and
reduced photosynthesis due to blockage of stomata and transpiration pafPstegtsum
hydrocarbons also adversely affect the ability of salt marsh vegetation to tolerate salinity, which
increases the potential of dieback and hampers recovery (Gilfillan et al. 1989). Additional
damage can be caused by the resulting cleanup activities such as skimming, oil collection,
burning, flushing, use of dispersants, and plant cutting (Allen and Freck, 1993; Kiesling, 1990;
Mendelssohn et al. 1990; Owens et al. 1993a and 1993b). To complicate matters further, the
effects of oil spills vary with vegetation types and season. For example, previous research shows
that, of the more common Gulf Coast vegetation species, Spartina alterméfimare sensitive

to oiling than Juncus roemerian(Bezeshki and DelLaune, 1993), while recent research findings
suggest otherwise (Lin and Mendelssohn, 2012). Furthermore, flora is more sensitive to oiling
during the growing season than during the pre-dormancy or dormant season (Pezeshki et al.
2000). It is advised that summer burns of contaminated marsh patches be avoided if possible
(Lindau et al. 1999), because flooding following burning also adversely affects plant growth in
many species (Pezeshki et al. 2000). The Deep Water Horizon Macondo MC252 oil spill

beginning on April 20, 2010 poured more than 200 million gallons of crude oil in the Gulf waters
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off southeastern Louisiana (LA), and an additiadh&8Imillion gallons of dispersant were added
to countervalil the effects of the contamination [@SI, 2010). Since the oil spill and cleanup
efforts occurred mainly in the early summer, thieaal growing season foSpartinaand other
marsh species, it was expected that a severe;tenorimpact of the spill would occur on salt
marshes causing changes in plant community com@osissociated with species’ sensitivity to

fouling and physical disturbance.

Canopy chlorophyll content (CHL) is one of the miogportant foliar biochemicals that is
related closely to both the productivity and healtivegetation (Curran et al. 1990). Above
ground green biomass (GBM) is a direct result gfetation productivity and another key
variable required for analyzing coastal salt matsius (Curran, 1982; Hardisky et al. 1984).
Due to the synoptic view provided by airborne apace-borne sensors, remote sensing has the
potential for estimating both CHL and GBM at a megil level. Remote estimations of these
characteristics can be performed using transforfrspectral reflectance, referred to as
vegetation indices (VIs) (Rouse et al. 1974). Sawls for estimating CHL and GBM using
remotely sensed data have been developed andoeno provide accurate predictions in
different vegetation types (Gitelson and Merzlyd897; Gitelson and Merzlyak, 1998; Gitelson
et al. 2003a; Gitelson et al. 2003b; Kogan et@D4). The US Geological Survey’s (USGS)
Landsat satellite holds considerable potentiabftwancing our capabilities to estimate and
monitor the biophysical characteristics of salt shas across large geographic areas. Landsat
provides 16-day coverage of moderate resolutioa thet are well calibrated, and have
relatively high geolocational accuracy (Tuckerle@04). The value of Landsat surface
reflectance and VI data for various vegetationtegldand use/land cover characterization

activities such as forest mapping (Pax-Lenney.2@1), marsh biomass mapping (Hardisky et
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al. 1984), phenological monitoring (Fisher et &0@&), and sub-pixel fractional estimation of

vegetation area (Chen et al. 2004) has been welbdstrated.

The overall objective of this study was to quantifg short-term impact of the oil spill on the
photosynthetic activity and physiological statushef coastal salt marshes over the large area by
combining satellite data with ground experimentssTobjective was achieved by analyzing two
biophysical characteristics of marsh vegetatiotuiiog CHL and GBM generated through a
remote sensing mapping protocol. The specific divies included, (1) application of a suite of
algorithms combining Landsat 30-m datasets witlll filata to map CHL and GBM across
southeastern LA salt marshes; and (2) compare aatify the changes observed in CHL and
GBM distribution during the salt marsh growing seabetween 2009 (pre-spill) and 2010 (post-
spill) to isolate the spill impact. The productsgeated through this research will provide
restoration decision makers across LA with a pcattool to inform the prioritization of marsh

restoration effort to the areas, most affectedneyspill.
Study Area

Salt Marshes cover almost the entire coast of LAZ80 knf) (Figure 2.1). The habitat is
dominated by smooth cord-graSpértina alterniflorg, salt meadow cord-grasSgartina
paten3, black needle-rushl(incus roemarianyswith occasional presence 8élicornia
virginica, Batis maritimaandDistichlis spicata Highly saline and anaerobic nature of the soil
allows only selected species to survive, and als,dlaral diversity is remarkably low (Weis,
2010) However, salt marshes act as buffers to gtwonds and tidal waves in the Gulf of
Mexico. In addition, the marshes serve as a nutsecpmmercially important species like

shrimps, crabs, fishes and birds. Apart from tbemmercial significance, the salt marshes are
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one of the most biologically productive habitats (White et al. 1978). The region experiences a
tropical to sub-tropical climate characterized by hot summers, with occasional tropical storms

and moderately cold winters. However, the time-period considered for this study observed no
major tropical storms (2009 - 2010). Average annual temperature varies between 15 - 25 degrees
Celcius while annual precipitation ranges between 80 - 100 centimeters (Weather Underground,

http://www.wunderground.coh/

Materials and Methods

a. Field Data Collection

Sixty-nine salt marsh plots across an oil gradient (heavy, moderate, light, and no oil) were
sampled in southeastern LA, during the post-spill growing season (May — October, 2010), which
were used for model calibration. Another independent dataset containing an additional twenty-
six study plots were sampled from a different geographic location on different dates for model
validation. The locations of heavy oil contaminated regions were identified based on an airborne
survey of the region prior to the field visit. Resident oil and signs of marsh damage were
observed in highly contaminated regions across southeastern LA salt marsh habitats (Figures
2.2a - e). Numerous areas of marsh browning, blankets of light oil coating on marsh canopy,
evidence of infiltration of the oil to the young marsh root system, and damage due to clean up
efforts were observed and photographed for record. The idaigucollection included: 1) top of
Canopy (TOC) reflectanc®g), 2) leaf level chlorophyll content, 3) Leaf Area Index (LAI), 4)

canopy level chlorophyll (CHL), and 5) above ground green biomass (GBM).
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1) Top of Canopy Reflectance{R

Close range reflectance data were acquired usiegi@@@ptics USB 4000 hyperspectral
radiometer (OceanOptic Inc., Dunedin, FL, USA). yabfiber system, with two inter-calibrated
OceanOptics USB4000 radiometers, mounted on afopta{Rundquist et al. 2004) was used to
acquire the TOC reflectance data in the range 0f2M0 nm with a sampling interval of 0.3 nm
(Rundquist et al. 2004). The radiometer #1 wiftel-of-view (FOV) of 25° was mounted on a
5m (16 ft) solid aluminum frame and pointed downivir acquire upwelling radianck;(
Wm?sr?) and the radiometer #2 equipped with a cosinesctor pointed upward to acquire
downwelling irradiancel; Wm™) simultaneously (Figure 2.2i and Figure 2.3a).1smans of
radiance and irradiance were acquired and convéstéide R (sf*) readings by dividind. over

E. The fourR spectra were averaged out to obtain compositerspetthat study plot. Based

on the FOV and the height of the frame, the spatsdlution (IFOV) of the sensor was

calculated to be 2.2 meter (Figure 2.3b and c).
d =2{hx (tan3)} 1)
where,d = diameter of the IFO\W) = height of the sensor from the target; FOV of the sensor

Inter-calibration of the radiometers was accomggshy measuring the upwelling radiance of a
99% white Spectralon reflectance standard (Labgptec., North Sutton, NH) simultaneously
with incident irradiance (Figure 2.2h). In casebénging sky conditions, the sensor was

recalibrated at regular intervals.
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2) Leaf Level Chlorophyll Content:

Minolta 502 SPAD Chlorophyll meter (Spectrum Technologies Inc., East - Plainfield, IL, USA)
was used to measure in situ leaf level chlorophyll content. A total of twenty stratified random
SPAD readings were acquired from the marsh leaves inside the IFOV of the sensor (Figure 2.2f).
The readings were averaged and converted to absolute chlorophyll value$)(baged on a
calibration procedure. The calibration procedure was performed to develop a relationship
between SPAD readings and the corresponding laboratory extracted leaf chlorophyll
concentration as described in Gitelson et al. 2005. In order to account for maximum variability in
chlorophyll content, leaves with varying degree of chlorophyll levels (green, greenish yellow,

yellow, yellowish brown, brown) were sampled.
3) Leaf Area Index (LAI):

Leaf Area Index (LAI) was measured using LAI Plant Canopy Analyzer 2000 (LICOR
Biosciences Inc., Lincoln, NE, USA) (Gitelson et al. 2002). As many as four LAl readings in
each study plot were obtained; each measurement involving one above-canopy and four below-
canopy readings (Figure 2.2g). The median of the four readings was considered to be the final

LAI value for the study plot.
4) Canopy Level Chlorophyll (CHL):

Canopy level chlorophyll (mg/fiwas calculated as the product of LAl and Leaf Level

Chlorophyll as described in Gitelson et al. 2002:

CHL = Leaf Level Chlorophyll x LAI (2)
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5) Above ground green biomass (GBM):

Above ground green biomass data were collected &@09 m (1 ft%) sub-plot within each
study plot using a PVC frame and clippers. The laissnwas sorted in order to separate the
standing dead from the live biomass; oven driéaDatCelsius overnight (~12 hours), and the
dry weight was recorded using a standard measbafagce. Precautions were taken to avoid

moisture absorption by the dried biomass duringvegight measurement as much as possible.

The study plots were chosen sufficiently far afrantn each other in order to account for as
much variability within a single Landsat pixel asspible. In case of multiple study plots located
within a single Landsat pixel, ground data wereraged out to accurately establish the
relationship between satellite-derived VIs andftbkel data. The sixty-nine study plots were
reduced to fifty-three Landsat pixels which werbsequently used in model calibration. The

validation dataset containing twenty-six study platre reduced to twenty-one Landsat pixels.
b. Landsat Analysis

Multi-temporal Landsat (TM5) 30m datasets for thgion were procured from the United States
Geological Survey, for the growing seasons of 280@ 2010 (Table 2.1). The TM5 recorded
digital number (DN) were converted to ground re@ce p) using the COS(TZ) or COST
atmospheric correction model (Chavez, 1996). COSWspheric correction is based on a
revised dark-object model where the function ofdbsine of zenith angle estimates atmospheric
transmittance. The method is employed to derivaribkiplicative transmittance correction
coefficient withoutin situ field measurements for bands 1-5 and band 7 (ARBQ2). In order

to convert each minimum DN to an at-satellite mimmspectral radiance valugmin was

calculated:
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(LMAX; -LMIN )

Lymin = LMIN, + QCAL X 0CALyAx

)

where,QCAL is the minimum DN, QCAlkax is 255 (8-bit radiometric resolution), LMlEnd
LMAX; are constants given in Markham and Barker (1986). The theoretical radiance of a dark
object for each band (assumed 1% reflectance in Chavez, 1996 and Moran et al. 1992) is

computed as:

cos26

(T X Esyna)

Ly, = 0.01 X d? % (4)

where, Eyn, = mean solar exoatmospheric spectral irradiance (Markham and Barker, 1986), d

sun-earth distance, afddtheta)= solar zenith angle.
The dark object values are used to compute haze correction as:

Linaze = Lamin — La1% (5)

where,L;n4,. = Value derived from the image using the dark object criteria (g/f), and

L;10,= Theoretical radiance of the dark object (V&rt)

The output model reflectance units are calculated from radiance DN as:

L -L
p=T1 % dz % (Lasat — Lihaze) % COSZQ (6)
Esyna

where,L,,:= At-satellite radiance (Witsr?)

The shape of the Landsat derived $pectra showed a strong similarity with the corresponding

close range Rspectra acquired using the dual-headed OceanOptics radioffégers 2.4).
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Cloud cover in the datasets were eliminated using a threshold NDVI mask, following which
several well established VIs were tested during the Landsat model calibration (using Landsat
R.). The correlation coefficients fRand root mean squared error (RMSE) were compared
between Vs (Tables 2.2 and 2.3). The Wide Dynamic Range Vegetation Index (WDRVI)
(Gitelson, 2004) showed the highestaRd was selected for estimating CHL (WDR¥# 0.1)

and GBM (WDRVIla = 0.05) (Figures 2.5a and b). WDRVI (range fronto*1) linearizes the
relationship between vegetation biophysical parameters and reflectance and reduces the

saturation exhibited by NDVI.

WDRVI = ZRNIR Rred 7

ARNIR* Rred

where,a = coefficient used to linearize the indexyfand R4 are the NIR and red reflectance

respectively

The two linear models (Equations 8 and 9) established during calibration were validated using
the ground dataset of twenty-six plots (twenty-one Landsat pixels), and the percent normalized
RMSE was calculated (Figure 2.5c). The percent normalized RMSE were considered reasonable
with a +12% error for CHL and +7% for GBM estimation. The residuals for GBM and CHL did

not reveal any trend (Figure 2.5d).
GBM = 298.943 x WDRVI (a = 0.05) + 264.494 (8)
CHL = 251.955 x WDRVI (a¢ = 0.1) + 182.327 (9)

The above models were applied on the atmosphericathected Landsat datasets to create
monthly composites of CHL and GBM for the LA salt marsh habitats. The variations observed in

the spatial distribution of GBM and CHL were analyzed across the area during the marsh
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growing season (Apr-Oct) of 2009 and 2010, whiclhemesry similar years with no hurricane
and/or other local/regional natural/anthropogemidyrbations that directly affected the area
except the oil spill. Monthly average temperaturd precipitation records acquired from four
nearby weather stations (Figure 6a and 6b; SoMveather Underground) were compared
between 2009 and 2010 in order to correlate anggdmobserved during the 2010 growing
season to the spill impact. Further flexibility walkowed in the models to offset the calibration
error by considering a decrease of over 208gémGBM and 20mg/mfor CHL as significant
and ignoring any change below that level. Theseftualues (200 g/mfor GBM and 20 mg/r
for CHL) represent approximately 20% of the maximbimmass and chlorophyll contents

observed irBpartinamarshes in LA (Kirby and Gosselink, 1976).
Results and Discussion

Reflectance spectra of the study plots were groumedhree levels of oil contamination and
examined (Figure 2.7). The characteristic 675 ninatgsorption feature in healthy vegetation
was less prominent in highly contaminated plotsmwempared to the non-contaminated plots
(Li et al. 2005). The overall visible reflectan@®Q-700 nm) was found higher in contaminated
vegetation, which implied reduced effect of the olsgnthetic pigments such as chlorophyll a
and b. Near Infrared (NIR) reflectance did not fluate greatly with the varying degree of
contamination, which suggested that the cell stinecof the marsh plants was still intact during
the time of this particular data collection on 3€p 2010. However, with time and further
reduction in photosynthetic pigments and increagghysiological stress, the salt marsh
vegetation developed discoloration (chlorosis) agganied by progressive defoliation. In

general, it was observed that with oiling, marsmfs first went through the visual sign (oll
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coating), followed by reduced photosynthetic pigments/activity (yellowing/browning up), and

finally cell structural damage (dead biomass).

The monthly CHL and GBM composites prepared by applying the respective WDRVI models
also substantiate the close range reflectance data. Comparison of the corresponding monthly
composites pre- and post-oil spill growing season showed a considerable loss of productivity in
salt marsh habitat during the 2010 growing season when compared to the 2009 data (Figures 2.8a
and b and 9a). Roughly, 400 kiof the salt marsh habitat experienced a GBM reduction of 200
gm/nf or more in 2010. Similarly, 435 Kof the salt marsh habitat experienced a decrease in
CHL by 20 mg/mi or more in 2010 (Figure 2.9b). These area estimates are a significant increase
compared to the pre-spill (52 krfor GBM and 59 krhifor CHL) growing season. It is well

known that LA loses 50-65 Knf20-25 mf) of marshland every year due to numerous reasons
including urbanization, leveeing of Mississippi River that result in reduced sedimentation and
nutrient input, hurricanes, drought, and marsh fire etc (Egan, 2005; McKee et al. 2004; Michener
et al. 1997; Nyman et al. 1994; Nyman and Chabreck, 1995). Coincidentally, the 2009 estimates
for loss in GBM and CHL produced similar numbers of approximately 52 and $@LBnand 22

mi®) respectively (Figure 2.9b).

Although losses in GBM and CHL are not directly related to the land loss, they play an important
role in triggering land loss. Most of these wetland losses are restricted to the fringing marsh
habitats (marsh patches bordering any open water), where the process begins with the vegetation
going through physiological stress or chlorosis (browning up) because of the loss in
photosynthetic pigments and ultimately the root system loses strength and caves in to the open
water. However, the change from 52-59°km2009 to 400-435 kfrin 2010 is considerably

large (Figure 2.9b). This change cannot be attributed to inter-annual temperature fluctuations, as
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temperature levels were consistent for both pre and post oil-spill growing seasons (Figure 2.6a).
On the other hand, precipitation levels showed some inter-annual variations except in April 2009
and 2010. However, significant differences were observed between GBM and CHL levels of
April 2009 and 2010, at 95% confidence linptyalue= 0.00000744 and 0.00000695

respectively), which clearly corroborates the negligible effect of precipitation on the biophysical
parameters. In addition, no major tropical storms were witnessed in the Gulf of Mexico, during
2010 and 2011. Therefore, the loss of marshland can be attributed to the oil spill and associated
cleanup efforts including the effect of the toxic dispersant. Results also showed that the salt
marsh habitats located in Plaguemines parish and St. Bernard parish were the hardest hit by

oiling, which is consistent with the contemporary media reporting (Nungesser, 2010).

Phenological analysis in the fringing marsh habitats across the LA coast consistently showed a
decrease in the levels of CHL and GBM in June, the middle of the growing season as well as the
peak of the cleanup effort, followed by a steady recovery towards the end of the growing season
(Figure 2.10a). Most of the fringing marsh areas of LA, mainly near the Mississippi river delta,
close to the source of the oil spill, are dominate&partina alterniflora which achieves peak

growth and produce flowers in late September and early October in this region. This can be
attributed to the recovery in CHL and GBM level in October, 2010, observed in the phenological
analysis (Figure 2.10a). In addition, the cleanup efforts mainly restricted to the fringing marsh
area in the beginning of the spill may have been successful in keeping the damage under control,
which resulted in a recovery in late October. In contrast, the interior marshes, dominated by
Spartina alterniflora, Spartina patens, and Distichlis spicataPlaquemines parish and St.

Bernard Parish, showed peak growth in June followed by a reduction in GBM and CHL in

October (Figure 2.10b). This indicates oil reaching the interior marshes much later in the
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growing season than the fringing marsh, outer coastal waters, and shorelines. This is also the
reason that the interior marshes actually showed greater signs of damage than the fringing

marshes towards the end of the growing season.

As previously stated, the effect of the oil spill and cleanup vary with vegetation types, season,
water levels, and other physicochemical/ meteorological conditions. Taking into account the
close relationship between CHL and GBM with gross primary production (GPP) in salt marshes
(Pickney and Zingmark, 1993), the chlorophyll and biomass centered study framework is
conceptually well grounded in basic plant physiology. After Hurricane Gustav made landfall on
September 1, 2008, Landsat data provided strong evidence that the wetlands and barrier islands
off the LA coast were lost from hurricane-related flooding (NASA News Report on 1/12/09).
Fortunately, 2009 and 2010 were relatively quiet storm seasons, and LA wetland habitats were
on a recovery stage after the Gustav related damage. Theoretically, therefore, 2010, with no
hurricanes reported, should have been a better year in term of marsh physiological growth.
However, the Deep Water Horizon (DWH) oil spill dramatically reversed the recovery trend by
exerting a massive negative short-term impact to the salt marsh habitats during the middle of the
growing season. We believe the short-term damage due to oil spill will probably be less in
magnitude than that of a major hurricane, but the lingering residual oil will have a sustained
long-term impact on the overall health and productivity of the Gulf Coast salt marsh. The results
from this study shows that Landsat data can be used to assess the impact of natural (e.qg.,

hurricanes) and anthropogenic disturbances (e.g., oil spill) on the Gulf Coast wetland habitats.
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Conclusion

The estimated time-series CHL and GBM maps prodiroed Landsat imagery possess great
potential to quantify the ecological impacts of tikespill on salt marsh structure and function.
These products can be used in conjunction withdmogemical data to analyze the changes in
one of the most important wetland functions i.arpon sequestration reduction related to the oil
spill effects. Recently, BP has committed $1 hillio repair the environmental damage caused
by the oil spill, which will initiate an unpreceded restoration effort across the Gulf wetland
(Robertson, 2011). For the first time, managershzame access to the large-scale maps of
southeastern LA coastal wetland productivity geteer#hrough this research allowing
identification of problem areas (areas impactedheyspill), which should be a high priority for

restoration and the relative success of prior raitin efforts.
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Table 2.1: Dates for which Landsat imageries were acquired.

Months 2009 2010
April 4,11 7
May 6, 13 9
June 7,14 3,10
July 9,16 5,12

August 3,10 6, 13

September 4,11 7,14

October 13 9,16

Table 2.2: Linear Regression coefficients of VIs used in GBM and CHL model calibration.

) Similar to Cleg-edgelndex based on Gitelson et al. 2003a but band-3 used instead of a red-edge
band ~ Indices with the highesR

Index Green Biomass Canopy Chlorophyll

(g/m?) (mg/m?’)
NDVI 0.469 0.489
(RN IR™ Rrec)/(RNIR'Rrec) —
WDRVI 0.522 0.515
(a X RNIR'Rrec)/( o X RNIR'Rrec) (a = 005)
WDRVI 0.52 0.516
((1 X I:\)NIR'Rrec)/( o X RNIR'Rrec) (OC = 0.1)
WDRVI 0.511 0.513
((1 X I:\)NIR'Rrec)/( o X RNIR'Rrec) (OC = 0.2)
EVI2 0.353 0.067
{2-5x(RNIR'RRec)/(RNIR*+2-4XR?ec"'l)}
Cl Red 0.521 0.513
(RNIR'Rrec)/ Rrec
SAVI 0.364 0.424
{(Rnir-RreX(1+L)}/(Rnir+RRectL) (L = 0.5)
TVI 0.398 0.497

\/{(R NIR'Rrec)/(RN IR™ Rrec)}
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Table 2.3: Root mean square errors (RMSE) for aiffeVls in predicting GBM and CHL

during model validation

Index Green Biomass Canopy Chlorophyl
(g/m%) (mg/m?)
NDVI 10.281 79.170
EVI2 33.402 45.767
WDRVI (a =0.1) 24.284 11.649
WDRVI (a =0.2) 24871 25.092
WDRVI (a = 0.05) 6.927 52.606
ClRed 28.429 34.288
SAVI 40.631 84.891
TVI 67.820 80.989
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Figure 2.1. Map showing study plots in the salt messof St. Bernard Parish and Plaquemines

Parish, LA.
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Figure 2.2. 2010 Field Research Photographs: (a) Resident oil observed through airplane survey;
(b, c, d, and e) Oil observed in vegetation canopy and root system, and soil; (f) Leaf chlorophyll
reading using SPAD,; (g) LAI reading using LICOR's LAI-2000 meter|r{lsitu sensor

calibration; (i) In sitremote sensing data acquisition
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Figure 2.3. Photograph displaying the dual-headesh@Optics sensor setup during field data
collection: (a) Sensor mounted on 5 meter (~16ifh frame; (b and c) IFOV of the sensor

(diameter: 2.2 m).
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Figure 2.4. Comparison between atmospherically corrected Landsat reflectance and close range
reflectance acquired by OceanOptics spectroradiometers. OceanOptics min and max indicate
minimum and maximum mean reflectance readings acquired from multiple study plots within a

single Landsat pixel.
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Figure 2.5. Quantitative Results. Model calibration plots (a) GBM and (b) CHL using satellite
image derived VIs and biophysical parameters; (c) Model validation result showing percent

Normalized RMSE for CHL and GBM; (d) Residual plots for GBM and CHL models.
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Figure 2.6. Environmental Factors Influencing Biophysical Parameters: (a) Mean monthly

temperature and (b) precipitation in salt marsh across pre and post spill growing season (source:

http://www.wunderground.com/)
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Figure 2.8. Decreases in Biophysical Parameters, 2010. Comparison of areas experiencing

reduction in (a) CHL and (b) GBM respectively, pre- and post-spill growing season.

62



CHL GBM

Figure 2.9. Biophysical Parameters Changes bet@@ef and 2010: (a) Comparison of areas
experiencing biomass and canopy chlorophyll amoudtine '09 and '10; (b) Extent of salt

marsh areas experiencing biomass and canopy chigtopduction.
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Figure 2.10. Variation of (a) GBM and (b) CHL in the growing season in the fringe and interior

marshes post-spill growing season (2010).
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CHAPTER 3

LONG-TERM MONITORING OF BIOPHYSICAL CHARACTERISTICS OF SALT
MARSHES IN THE NORTHERN GULF OF MEXICO — A METHODOLOGICAL

APPROACH USING MODI$

'Ghosh, S., Mishra, D. R., and Gitelson, A. A. (2016). Long-term monitoring of biophysical
characteristics of tidal wetlands in the northern Gulf of Mexico—A methodological approach

using MODIS. Remote Sensing of Environm&i8, 39-58. Reprinted here with permission of

Elsevier
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Abstract:

Accurate and efficient monitoring is critically important for the effective restoration and
conservation of threatened salt marshes in the Gulf Coast. The high carbon sequestration
potential, habitat for important wildlife and fish, and numerous ecosystem services make these
salt marshes highly valuable both ecologically and economically to Gulf Coast communities. Our
study developed a new methodological approach for mapping biophysical health of coastal salt
marsh habitats in terms of green leaf area index (GLAI), canopy level chlorophyll content
(CHL), vegetation fraction (VF), and above ground green biomass (GBM). We measured these
biophysical characteristics in salt marshes of the northern Gulf of Mexico using a combination of
ground data collected from field surveys during the growing seasons of 2010 and 2011 and
NASA's Moderate Resolution Imaging Spectroradiometer (MODIS) 250m and 500m images.
Additionally, we compared and evaluated the performances of both jorekimal and satellite
remote sensing measurements in terms of their potential for mapping the marsh biophysical
characteristics. MODIS—based models proved superior at the landscape level compared to
models developed from in sifroximal sensing, as species level signals seemed to be diluted at
coarser spatial scales. We selected Wide Dynamic Range Vegetation Index (WDRVI) for
MODIS 250m and Visible Atmospheric Resistant Index (VARI) for MODIS 500m to map
biophysical characteristics of salt marshes. Time—series composites and phenological
information derived using the MODIS based models captured the impact of the selected
disturbances in the last decade on the ecological and physiological status of the salt marsh
habitats in the Gulf Coast. This is the first study to employ MODIS data to analyze the
biophysical characteristics of salt marshes in the Gulf Coast, which, in turn, has the potential to

improve our ability to predict their productivity and carbon sequestration potential. These
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techniques could also be used to assess the sufqaevious and ongoing salt marsh
restoration projects, and evaluate the productoitynarshes under threat from developmental

activity, sea level rise, and industrial pollution.

Keywords: Gulf of Mexico; Salt marsh; Remote Sensing; Bicgbgl Characteristics; Green
Leaf Area Index, Green Vegetation Fraction; CanGpiorophyll; Above Ground Biomass;

Field Spectroscopy; MODIS
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Introduction:

Salt marshes are one of the most ecologically and economically productive and vulnerable
ecosystems in the world (Mitsch and Gosselink, 2007; Tiner, 2013). Thriving at the confluence
of marine and terrestrial systems, they serve as critical habitats for fish and wildlife, as well as
species, which are commercially valuable to the local community. These ecosystems also help
buffer and maintain shorelines, clean natural waters, reduce siltation in navigable waters, and
potentially help in storing floodwaters (Boesch and Turner, 1984; Deegan et al. 2002; Barbier et
al. 2008; Morgan et al. 2009; Koch et al. 2009). Furthermore, in light of exponential increases in
atmospheric C@in recent decades, the high Carbon Sequestration Potential (CSP) of salt
marshes makes them critical carbon sinks for atmospheric greenhouse gases (Gallagher et al.
1980; Connor et al. 2001; Chmura et al. 2003; Brevik and Homburg, 2004). The productive
capacity of salt marshes has often been compared to that of tropical evergreen rain forests (Choi
and Wang, 2004; Pidgeon, 2009). However, these critical habitats are highly threatened by
natural and anthropogenic activities such as global warming induced sea—level rise (Fitzgerald et
al. 2008; Nicholls et al. 1999), land use changes (Kennish, 2001; Silliman et al. 2009), soil
erosion (Sugumaran et al. 2004; Ravens et al. 2009), natural and man—made disasters and
associated clean—up efforts (Gilfillan et al. 1995; Hester and Mendelssohn, 2000; Mishra et al.

2012), and replacement by other species (Artigas and Pechmann, 2010).

A robust marsh monitoring program for sustainable management should be comprehensive in
nature, covering various important indicators such as distribution, composition, characteristics,
health, and productivity (Mishra et al. 2015; Adam et al. 2010). However, traditional monitoring
efforts, which rely on field sampling to study such marsh properties, are often costly, time

consuming, and inadequate for analyzing the broad regional trends and spatio—temporal
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variability. Remote sensing using satellite and airborne sensors along with Geographic
Information Systems (GIS) provides a cost—efficient alternative to intensive field surveys in
monitoring and assessing coastal marsh ecosystems and their dynamics at different scales and

resolutions (Tiner, 1996; Dahl, 2006).

In the last decade, advances in remote sensing technologies and increasing availability of high
temporal and spectral resolution data, from both active and passive sensors, has significantly
enhanced our ability to map marsh ecosystems (Jensen et al. 2007; Laba et al. 2008; Wang et al.
2010; Lefebvre et al. 2010; Zhang and Xie, 2012; Evans and Costa, 2013). Multi-temporal and
multi—resolution imagery from sensors such as Landsat, Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER), and Moderate Resolution Imaging
Spectroradiometer (MODIS) are freely accessible to the general public and these sensors have
been utilized in several studies for classification of marsh habitat (Jensen, 1996; Campbell, 2007;
Lillesand et al. 2008). In addition, other moderate to high resolution satellite sensors such as
SPOT, IKONOS, Quickbird, RapidEye, GeoEye, along with airborne hyperspectral imagers such
as the Advanced Visible Infrared Imaging Spectrometer (AVIRIS) and Compact Airborne
Spectrographic Imager (CASI), have been utilized by several researchers for classification of
marsh cover and change detection analysis (Jensen, 1996; Rundquist et al. 2001; Schmidt and
Skidmore, 2003; Rosso et al. 2005; Campbell, 2007; Lillesand, 2008; Gilmore et al, 2010;

Klemas, 2011).

In general, wetland remote sensing is more challenging than remote sensing of terrestrial
vegetation because the water or moist soil interface which reduces the intensity of the near—
infrared (NIR) signal, shifts red—edge positions, and ultimately makes NDVI and red—edge—type

indices less—sensitive to vegetation growth (Kearney et al. 2009; Turpie, 2013). These habitats
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also exhibit high spectral and spatial variatioe tluthe abrupt change of environmental
conditions that produce narrow ecotones, causiffigulty in vegetation community boundary
identification (Schmidt and Skidmore, 2003). Theedsity of vegetation in the marsh habitats
produce unique species assemblages with diffefemgiogical cycles, morphological

structures, and bio—chemical compositions, whichyin, produces diverse spectral behavior,
making mapping of marshes difficult (Rosso et B0D2 Zomer et al. 2009). A paucity of

spectral library data is a challenge for marsh ftensensing because of species diversity (Zomer
et al. 2009) and intraspecific morphologic diffezes. Further, the patchiness and fine scale
heterogeneity of marsh vegetation are often natucag with medium resolution sensors such as
Landsat and SPOT. High resolution aerial photogyaptd imagery is expensive to acquire and
labor intensive to process. On the other handsitieation using coarse resolution MODIS or
Advanced Very High Resolution Radiometer (AVHRRP&0-1,000m resolutions results in

frequent misclassification of pixels (Loveland et1®99; Friedl| et al. 2002).

The majority of research efforts for monitoring staes using remote sensing have been focused
on delineating the extent of marsh ecosystemsckasgdifying plant communities using both
active and passive satellite sensors and numemntage processing techniques (Klemas et al.
1980; Filippi and Jensen, 2006; Adam et al. 20libn&e et al. 2010; Simard et al. 2010;

Wang, 2010; Jensen et al. 2007; Klemas, 2011; @stand Pechmann, 2010; Collin et al. 2010;
Davranche et al. 2010; Goudie, 2013). This kinchapping provides crucial information
regarding the presence/absence of marsh patclegstahious and current spatial extent, and the
dynamics of marsh cover change. However, it doé¢prvide any information regarding the
biophysical characteristics which are primary iatgiics of salt marshes’ physiological status,

photosynthetic capacity as well as, chlorophyll artcbgen content (CHL, N). Remote
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estimation of biophysical characteristics such as Leaf Area Index (LAI), Canopy Chlorophyl
Content (CHL), Vegetation Fraction (VF), and Above Ground Green Biomass (GBM) should be

performed regularly to assess the health of the marsh ecosystem.

Remote sensing has been extensively used to study biophysical characteristics of vegetation
since late 1970’s (Tucker, 1978; Tucker and Sellers, 1986; Tucker 1980). Over the past twenty
years, studies have focused on protocols for mapping the biophysical characteristics of terrestrial
vegetation, using in sitsensors along with satellite based surface reflectance. LAl mapping

from spectral reflectance measurements has mainly focused on forests (e.g. Gong et al. 1995,
2003; Davi et al. 2006) and crops (Thenkabail et al. 2000; Hansen and Schjoerring, 2003; Pay et
al. 2006). Developing regression based models with vegetation indices (VIs) such as NDVI and
simple ratio, which are derived from visible and NIR wavelengths, has been the most widely
used empirical model for estimating LAl (Thenkabail et al. 2000; Gong et al. 1995, 2003;

Kovacs et al. 2005). Similar research studies have also been performed for estimating GBM
using satellite derived VIs (Rendong and Jiyuan, 2004; Proisy et al. 2007). Apart from LAl and
GBM, mapping CHL content through non—invasive techniques in terrestrial vegetation has been
attempted often (Gitelson and Merzlyak, 1994; Markwell et al. 1995; Gamon and Surfus, 1999;
Richardson et al. 2002; Gitelson et al. 2006). Finally, inrsitiectance and satellite derived Vs

have been used for monitoring fractional cover of green vegetation, using different combinations
of visible and NIR bands (Gitelson et al. 1996; Myneni et al, 1997a; Myneni et al, 1997b;

Gitelson et al, 2002a; Gitelson et al, 2002b; Gitelson, 2004).

However, remote sensing studies focusing on monitoring and analyzing the biophysical
properties of salt marsh ecosystems are very limited, and have only been attempted using
satellite sensors with coarse temporal resolution. (e.g. Hardisky, 1980; Hardisky et al. 1984;
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Jensen et al. 2002; Kearney et al. 2009; Mishra et al. 2012). These studies on salt marshes have
mostly been conducted using traditional field sampling methods (Hopkinson et al. 1978; Stout,
1984; Darby and Turner, 2008). Although these studies provide in—depth site—specific
information of biophysical characteristics, they often lack the ability to provide insight into the
long—term spatio—temporal trends of the salt marshes at a landscape scale. Monitoring
biophysical properties using remote sensing not only helps in assessing the overall dynamics of
marshes but also facilitates prioritization of restoration efforts to areas that require immediate
attention and allows conservation planning at a much broader spatial scale. A robust biophysical
mapping protocol is also critical in assessing the success or failure of previous restoration efforts
(Hinkle and Mitsch, 2005; Friess et al. 2012), as well as analysis of phenology and carbon
budgets at regional and global scales across a wide range of ecosystem and climatic regimes
(Baldocchi et al. 2001; Churkina et al. 2005; Richardson et al. 2009). For example, analysis of
the biophysical characteristics based phenology can aid in isolating the natural variability in
marshes from the variability introduced by environmental forcings such as such as localized
drought, dieback events, or hurricanes. Furthermore, remote assessment of gross primary
productivity (GPP) can be performed using these biophysical characteristics; and that is the

long—term goal of our research.

The specific objectives of this research were to (1) calibrate and validate MODIS based Vs for
estimating the salt marsh biophysical characteristics (GLAI, CHE, GBM) in the northern

Gulf of Mexico (GoM), (2) develop time—series composites of salt marsh biophysical
characteristics for long—term productivity trend analysis, and (3) analyze broader phenological
patterns of the biophysical characteristics to assess the impact of various natural and

anthropogenic disasters. The novelty of this research is that it will allow researchers and coastal
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managers to use high frequency MODIS data to dfuelpiophysical characteristics of salt
marsh habitats in the Gulf Coast, for the firstainihis study has the potential of increasing our
predictive capability with respect to carbon sedpai®n in these ecosystems. In addition, an
efficient and non—destructive MODIS based biophslsicapping protocol for emergent marshes
will be an invaluable tool for frequent monitoriag well as conservation and restoration

decision making.

Study Area

Salt marshes cover more than 8500 sg. km of thetaloareas of the Northern GoM (Source:

http://www.fws.gov/Marsh$/(Figure 3.1). The tidal marsh habitats are modtigninated by

smooth cord—gras$partina alterniflorg, salt meadow cord—grasSgartina patens and black
needle rushJuncus roemarianysPatchy distributions of American Glassw@#al(icornia
virginica), saltwort Batis maritimg, and seashore saltgraBagtichlis spicatd are also
encountered. The highly saline and anoxic natutbeoil inhibits the growth of non—
specialized plants; as such, floral diversity magkably low (Weis, 2010). Average annual
temperature in this region varies between 15-2%adsgCelsius, while annual precipitation

ranges from 80—-100 cm (National Weather Senhtg;//www.weather.goy/The region

experiences tropical to sub—tropical climate chiarémed by hot and humid summers, with
occasional tropical storms and moderately cold evgitin the last decade, the salt marsh habitats
in the Gulf have experienced the landfall of mdgorricanes, such as Lili (2002), Katrina and
Rita (2005), Gustav (2008), Ida (2009), and Is28d.2) in Louisiana (LA) and Gordon (2000),
Gabrielle (2001), lvan (2004), and Dennis (2005Florida (FL) (National Hurricane Centre,
http://www.nhc.noaa.gov/). LA has the largest saish extent among all the Gulf Coast states.

However, the marshes here are also home to manel&@®000 oil and gas wells (Lyles and
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Namwamba, 2005), accounting for 18% of oil and 2f%atural gas production in the U.S.,
valued at $6.3 billion, and $10.3 billion respeetiv(Tiner, 2013). As such, the marshes have
been subjected to intense dredging and channelizédr transportation as well as significant
groundwater removal, which has led to soil and marssion and localized subsidence. Further,
the sediment flow from the Mississippi River, whigically provides nutrients and substrate
for salt marshes, has been extensively trappeddghrexcessive construction of levees across
the LA coast. Hence, it is increasingly difficulirfthe salt marshes to sustain themselves.
Disturbed salt marsh habitats in the region hawn lievaded by common regdhragmites
australig (Tiner, 2013). The marshes in FL have also beéested to channelization, with
excavated materials being dumped into the confthggosal areas within salt marshes (Tiner,

2013).

Over the past decade, there have been an increasiniger of reports of salt marsh “dieback” in
the U.S. In 2000 and 2007, LA experienced a sua@aenacute dieback event (termed “brown
marsh”) that affected over 100,000 heSpiartina alternifloradominated Salt marsh throughout
the Mississippi River deltaic plain (Siliman et 2005; Lindstedt and Swenson, 2006). In
addition, although the long—term impact is stilknawn, the Deepwater Horizon oil spill in
2010 had a severe short—term impact on the heb#tbveral fringe and interior salt marsh
patches of LA, MS, and AL characterized by losstdbrophyll, biomass, and subsequently a
reduction in photosynthetic capacity (Biber e2fl12; Mishra et al. 2012; Mishra et al. 2015).
Therefore, this research is aimed at fulfilling gteong need to develop an accurate and non—
destructive mapping protocol that uses high tempesolution satellite data to frequently
monitor the biophysical conditions of these vadtipes of tidal emergent marshes of the Gulf

Coast at a broad scale.
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Material and Methods

a. Field Data Collection

The models developed for mapping salt marsh biophysical characteristics were based on
establishing statistical relationships between MODIS 250m and 500m surface reflectance
products and on—field estimates of these characteristics. Therefore, extensive fieldwork was
conducted in four Gulf States (Louisiana (LA); Mississippi (MS); Alabama (AL); Florida (FL))
during the salt marsh growing season (May—October) of 2010 and 2011. The field data collection
involved acquisition of top of canopy hyperspectral reflectance and biophysical characteristics
viz. LAl, VF, CHL (Leaf Chlorophyll Content), and GBM, from numerous study plots. Field

sites were selected in areas with extensive homogenous patches of marsh potentially covering
multiple MODIS (250m and 500m) pixels. The site selection process involved analysis of high
resolution satellite data (Landsat, QuickBird, and Google Earth), short field visits, aerial surveys,
reconnaissance surveys, and in consultation with state and local officials. Multiple calibration
and validation sites were selected across coastal counties covering the four Gulf States. Within
each 250m or 500m MODIS pixel, multiple (~4—8) mono—specific sub—plots were selected for
field data acquisition based on accessibility. Few pixels with single study plots were also
incorporated in the analysis, after visual estimation of spatial homogeneity from aerial
photographs and Google Earth images. Care was taken to make sure that the sub—plots were as
homogenous as possible with similar health conditions and growth stages (Table 3.1). The data
from all the sub—plots within a specific site were aggregated to represent a MODIS pixel during
model calibration and validation. The detailed collection protocol for each field dataset is

provided below.
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1. Top of Canopy Reflectangg (

A dual—fiber system, with two inter—calibrated Océ&2ptics USB4000 hyperspectral
radiometers (Ocean Optic Inc., Dunedin, FL, USApumied on an aluminum frame was used to
acquire the top of canopy (TOC) spectral reflecta®e, sr’) data in the range of 200-1100 nm
with a sampling interval of 0.3 nm (Rundquist et2§l04). The first radiometer with a field—of—
view (FOV) of 25° pointed downwards to acquire uping radiance I; Wm?sr ™), while the
second radiometer equipped with a cosine corrgamted upward to simultaneously acquire
downwelling irradiancel; Wm™). Based on the FOV and the height of the framm)5the

spatial resolution (IFOV) of the sensor was calimdao be 1.83 m (Figures 3.2a and 3.2b).

d =2{h x (tang) 1)

where,d = diameter of the IFOV (m}j = height of the sensor from the target (m¥ FOV of

the sensor (degree). Inter—calibration of the naiters was accomplished by measuring.the
andE of a 99% Spectralon white polytetrafluoroethyl¢R& FE) reflectance panel (Labsphere,
Inc., North Sutton, NH, USA)Rundquist et al. 2004). To mitigate the impacsaifr elevation

on radiometer inter—calibration, the anisotropitexance from the calibration target was
corrected in accordance with Jackson etl#192). Data were collected with the sensors
configured to take 15 simultanedusndE measurements, which were internally averaged and
stored as a single data file. In case of chandiggenditions, the sensor was recalibrated at
regular intervals (Figures 3.2c and 3.2d). The mgectral readings were smoothed using a
moving window average of 7 nm to eliminate noisd #ren further interpolated at a 1 nm

interval. The four scans of radiance and irradiaaampiired per sub—plot were converted to four
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R.s readings by dividing. over E; percentage spectral reflectangenas estimated and then

averaged out to obtain composite spectra of the sub—plot.
2. Above—ground Green Biomass (GBM)

GBM data were collected by destructive sampling from a 09@.r¥) representative area

within each sub—plot using a PVC frame and clippers (Figures 3.2e and f). Each biomass sample
was sorted to separate the green from brown (standing dead), oven dried at 65°C overnight (~24
h) to get rid of any moisture, and then the dry weight was recorded using a standard measuring
balance. Vegetation samples, maigblicorniaand Batiswhich showed presence of moisture,

even after 24 hours of drying, were further dried for additional 24 hours, until all moisture was
eliminated. Precautions were taken to avoid moisture absorption by the dried GBM during dry
weight measurement. The dry GBM weights were then rescaled from gram dry weight per square

feet (gft?) to gram dry weight per square meter {@m
3. Leaf Chlorophyll Content (CHIL

A Minolta 502 SPAD Chlorophyll meter (Spectrum Technologies Inc., East Plainfield, IL, USA)
was used to measure timesitu CHL, (Figure 3.29g). A total of twenty stratified random SPAD
readings were acquired from each sub—plot across varying CHL levels inside the IFOV of the
sensor. Conversion of SPAD readings to actual G#s done by establishing a linear

relationship between SPAD values and corresponding CHL estimated through chemical
extraction and spectrophotometric measurements. The CHL extraction procedure used in this
research has been described in details by Biber (2007). For this study, leaf samples of Spartina,
Juncus and Distichlis, showing varying degrees of greenness (from dark green to almost

yellow/brown) were collectettom the study plots. 5cm long sections from the basal portion of
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the leaves were used for CHL extraction. Three Sigdaings were taken from selected
sections on the leaves and averaged. These aves&Jfdd values were then calibrated against

chemically extracted CHL from those sections usimggfollowing equation:

CHL; (mgm™2) = SPAD X 16.844 — 192.84 (2)
Separate datasets were used for calibration amndbtiah (14 readings for calibration and 18 for
validation). The linear model between SPAD and wiellly extracted chlorophyll content
showed a percent normalized root mean square @MERMSE; described later in the article) of

9% (Figures 3.3a and 3.3b).

4. Vegetation Fraction (VF)

Percentage green VF was estimated from a circubgr @f vertical digital photographs of the
study plots acquired by OLYMPUS E-400 digital SL&nera (Olympus America Inc., Centre
Valley, PA, USA). The camera was installed on tlaefe along with a laser pointer next to the
hyperspectral radiometer. The laser pointer matkeatenter of the digital photograph and the
IFOV of the hyperspectral radiometer. The digitabfmgraph was cropped to match the IFOV of
the hyperspectral radiometer and a simple pixehtoade was implemented to count the total
pixels and green pixels in the cropped photograghq%) was estimated by the ratio of the
number of green pixels to the total number of @xeleach photograph (Figure 3.2h) (White et

al. 2000).

5. Leaf Area Index (LAI)

Leaf area index (LAI) was measured from each sui+ding a LAl Plant Canopy Analyzer
2000 (LAI 2000; LICOR Biosciences Inc., Lincoln, NBSA) (Gitelson et al. 2004) and

AccuPAR LP-80 Ceptometer (Decagon Devices Inclpiud, WI, USA) (Delalieux et al. 2008,
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Kovacs et al. 2009) (Figures 3.2i and j). The average value of four LAl readings taken within
each sub—plot was used as the representative LAI. Each LAl measurement involved one above—
canopy and four below canopy readings. Both LAI 2000 and AccuPAR measure canopy
transmittance for estimating LAl and as such, do not differentiate between green and dead
leaves. LAI 2000 has an optical filter, which rejects any radiation above 490m; the assumption
behind this is that foliar transmission is minimal in the blue region of the electromagnetic
spectrum (LAl Manual, 2000). AccuPAR on the other hand, measures radiation transmitted
through the canopy and scattered by leaves within the canopy. It is also assumed that the leaf
absorptivity is maximum in the visible region of the electromagnetic spectrum (approximately
90% in the blue and red and 75-80 % in the green region), thereby, assuming transmittance
through leaves to be negligible (AccuPAR Manual, 2008). Based on these aforementioned
assumptions, leaves are considered to be opaque, and as such, none of these instruments can

differentiate between green and dead/yellow leaves.

Estimated LAl values, therefore, are a metric of total leaf area rather than green LAI. As the
productive capacity of vegetation depends largely on the presence of green foliage containing
CHL, Green Leaf Area Index (GLAI) serves as a better estimate of the vegetation health. Since
VF is an estimate of the amount of greenness in the area of interest, we estimated Green LAI as
the product of LAl and VF. Further, CH{mgm?) was calculated as the product of LAl and

CHL, content (Gitelson et al. 2005).
GLAI = LAI xVF (3)

CHL, (mgm~2) = CHL, (mgm™2) X LAI 4)
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b. Satellite Data

Multi-temporal 8—day Level 1B atmospherically corrected surface reflectance composites for the
northern GoM (LA, MS, AL, and western FL coast) were acquired from National Aeronautics

and Space Administration (NASA) websitétp://modis—land.gsfc.nasa.gder the years 2000

through 2014. Both 250m and 500m scenes from MODIS sensor (MOD09Q1 and MOD09A1
respectively) were downloaded for the northern GoM and mosaicked. The mosaic scenes were
cropped to isolate the salt marsh habitats by using the most recent vector boundaries obtained

from NWI databasehftps://www.fws.gov/wetlands/)The aforementioned pre—processing of the

MODIS images was performed using ERDAS Imagine 2013 (ERDAS Imagine, Intergraph
Corporation Part of Hexagon, Norcross, GA). We used the MODIS Quality Assurance (QA)
layer for both 250m and 500m data to select the highest quality pixels. The QA layers for 250m
and 500m are 16-bit and 32-bit images, respectively, representing different permutations and
combinations of MODIS land surface reflectance quality parameters. We chose the best
combination of bits, e.g. 00 for both clouds and cloud shadows, 0000 for highest data quality for
all the bands, 0 for both snow cover and fire, 0 for internal cloud, fire and snow algorithm, and 1
for atmospheric, adjacency and bi—directional reflectance function (BDRF) corrections to
eliminate pixels affected by various natural and technical factors such as cloud cover, cloud
shadows, atmospheric noise, snow cover, fire, sensor orbits, cloud adjacency, bi—directional
reflection, sensor failure etc. (Vermote et al. 2011). Summary statistics for all the biophysical
characteristics field data and coincident MODIS pixel data for 2010 and 2011 is provided in

Table 3.2.
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Analysis

a. Salt marsh Spectral Response: In situ and MODIS

In order to analyze the magnitude difference and the effect of species variability, MODIS and
Ocean Optics derived in situdata were compared.v@alues off both 250m and 500m MODIS
surface reflectance products frddpartinaand Juncuslominated pixels were extracted for all

sites where Ocean Opticgdata were acquiredafcornia and Distichlis had patchy

distributions; as such no homogenous MODIS pixels of these two species were found. Since plot
level data for these two species were very limited (n<5), spectral response comparison between
Ocean Optics and MODIS was limited to the dominant speSjgar{ina and Junciyi®nly. The

Ocean Optics acquired data were further integrated to match the MODIS VNIR bandwidths.
Ocean Optics spectra obtained for Sparand Juncuswere averaged for the sites falling within

one MODIS pixel (for both 250m and 500m), for accurate comparison between ground level and
satellite level reflectance. As such, we used two visually mono—specific pixels (from both 250m
and 500m images) for each spectgpdrtina and JunclisAverage hyperspectralgequired

using Ocean Optics data from mono—specific study plots within these MODIS pixels were

compared with MODIS derived p

b. Model Calibration and Validation

The main goal of model calibration was to establish relationships between several well
established VIs and marsh biophysical characteristics. Then established models were validated
using MODIS data. These VIs have been widely used at fine and coarse spatial resolutions to
monitor terrestrial vegetation biophysical characteristics, both at site specific and broader

ecosystem scales. However, these indices have not been used at the MODIS scale to map
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biophysical characteristics such as GLAI, CHL, GBiMd VF of salt marshes so far. It has not
been done because collecting accurate, long—terregpresentative biophysical data for
MODIS based VI calibration for marsh ecosystemanigxtremely difficult task. Inaccessible
areas in difficult terrain, unavailability of larggsually homogenous patches of mono—specific
marsh vegetation, and poor sampling design andapgsm situ data collection procedure often
limit large scale remote sensing studies on maigbhlysical characteristics. In this study, an
extensive and comprehensivesitu data collection over a period of two years enabietb
perform a comparative assessment of the existisgmiich is crucial for providing insight into
both selection of the best VI for mapping marstphigsical characteristics, and the possible

explanation for their respective performances.

1. Using In Situ Hyperspectral Data

In situp spectra were collected for the growing seasonilApctober) of 2010, from 42 mono—
specific and 22 multi—specific but visually homogas study plots. Several well established Vis
(Table 3.3) were derived from Ocean Opjicand used for initial calibration against the
biophysical characteristics using SPSS (SPSS IB&y Mork, USA). Among these Vs,
Normalized Difference Vegetation Index (NDVI), Emicad Vegetation Index (EVI2),
Chlorophyll Index (Ckg), Wide Dynamic Range Vegetation Index (WDRVI), éwll Adjusted
Vegetation Index (SAVI) were developed utilizingleetance at red and NIR bandsis a
modified (from Chlorophyll Index red edge or&ledgp chlorophyll index, using the red band
instead of the red edge band (Gitelson et al. 2006)ble Atmospheric Resistant Index (VARI)

was developed using the visible green and red b@aitisison et al. 2002).
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Variability in spectral response is unavoidable in the salt marsh landscape because of marsh
variability in terms of species composition, leaf and canopy structure, chlorophyll content,
phenological stage, standing dead matter, and substrate nature. Therefore, species—specific
models for biophysical mapping might account for this variability, and subsequently assist in the
development of a robust method for mapping of biophysical characteristics. Therefore, both
linear and non-linear (quadratic and exponential) biophysical models were calibrated for
individual species using in sificean Optics hyperspectral data. Coefficient of determination
(R?) was derived for species—specific biophysical models and also for a species—independent
model combining all species data. However, since Salicornia and Distichlis had patchy
occurrences, there were not enough mono—specific plots for these two species for reasonable
calibration (n<5). Therefore, species—specific models were analyzed for only the two dominant

speciesSpartina andluncus.
2. Using MODIS Data

Following the initial pre—processing of MODIS data, in si&mpling locations were used do

extract pixel values from MODIS images. Scenes were chosen based on the proximity of the
dates between the image acquisition and field data collection. The same set of VIs (Table 3.3)
was derived using the extracted MODIS pixel values for individual biophysical characteristic
model calibration. Since MODIS 250m has the red and NIR bands only, indices such as VARI
and Clyeencould not be derived at this resolution. For a pixel containing multiple sampling
locations, the average value of the individual biophysical characteristic was calculated and used
in model calibration. MODIS pixels corresponding to sampling locations which were too close to
open water showed greater or similar observed NIR absorption compared to visible and had to be

rejected from both the calibration and validation datasets. These pixels clearly contained a
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greater signal from water than vegetation and were considered water dominated mixed pixels.
Further, due to occasional equipment failure such as sensor saturation, internal errors, and battery
drain—out during field sampling, biophysical data from few study plots were either unavailable,

or not usable for analysis. Post elimination of unusable pixels and ground data, model calibration
was performed using 2010 field data and validation using 2011 field data. During this process,
roughly 69 sampling plots established in 2010 were reduced to 10-15 usable MODIS 250m and
7-10 usable MODIS 500m pixels. For model validation, data set acquired during the field
campaigns in 2011 containing 91 sampling plots were reduced to 10-12 MODIS 250m pixels
and 9-10 MODIS 500m pixels. These were the reasons for the observed range of usable MODIS
pixels for calibration and validation. Performance uncertainties were analyzed based on percent
normalized root mean squared error (percent NRMSE) (Mishra et al. 2012), and residuals

(observed—predicted). Percent NRMSE is estimated as:

RMSE

percent NRMSE = X
(MAX (VALIDATION data)—(MIN (VALIDATION data))

100 (5)

c. Time—Series Composites and Phenology Characterization

Following successful calibration and validation, 8—day time—series composites were generated
using ERDAS Imagine 2013 (ERDAS Imagine, Intergraph Corporation Part of Hexagon,
Norcross, GA) for each biophysical characteristic (GLAI, VF, CHL, and GBM) from 2000-2014
using the best fit models. Map composites were generated for both 250m and 500m data. For
each month, three to four composites per characteristic were created. Therefore, for an entire
year, almost 46 composites were obtained for each biophysical characteristic. Composites were
generated for all four characteristics, for the period 2000—-2014. This amounted to more than

5500 8—day composites using both MODIS 250m and 500m data. These composites were then
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used for qualitative assessments of northern GolVinsash condition before and after
significant natural and anthropogenic events sgdhuaricanes and droughts over the period of

2000-2014.

Phenology charts for site specific Salt marsh pegchere derived from these time—series
composites, using spatial analysis module in Arc@I®GIS 10, Environmental Systems
Research Institute, Redlands, California) for treagng seasons over the course of fifteen years.
The sites for phenology characterization were chdsesed on records of natural/anthropogenic
events that have occurred and affected salt masitalts in the Northern Gulf coast. Here, we
show the phenology derived for Terrebonne parishRlaquemines parish of Louisiana, using
MODIS 250m and 500m data respectively. We samplepixels from Terrebonne parish and
16 pixels from Plaquemines parish in order to ettbdophysical values for deriving phenology.
Monthly biophysical values were estimated usingaberage of all available 8—day composites
within the month. The averaging was done to avieedrtoise related to tidal fluctuations or
modelling error propagated through the numerousgssing steps involved in the phenology
extraction. The phenology charts were developekémine the impact of discrete natural and
anthropogenic events on the health of specificraaltsh areas, as well as the overall long term

trends in the Salt marsh health in the Gulf Coast.

Results and Discussion

a. Salt marsh Reflectance Properties

In—situspectral reflectance measured from most of theygilats of Salt marsh vegetation
showed presence of reduced red—edge (Figure JHaspectral reflectance derived from

MODIS 500m surface reflectance images showed asieryar overall trend (Figure 3.4b). A
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reduced red—edge does not necessarily mean that the vegetation is unhealthy; rather, it may be
influenced by canopy structure, vegetation density, and signals from targets other than the
vegetation itself. In case of salt marshes this absence of red—edge is understandable since these
habitats are perennially inundated by tidal waters; even when the tides are low, significant
residual moisture saturates the soil. Water and vegetation have contrasting spectral response in
the NIR region of the spectrum; while vegetation has a tendency to scatter, water absorbs
radiation in NIR. Therefore, the contrasting responses result in the presence of a reduced red—

edge unlike terrestrial vegetation.

Further, variations in the spectral characteristics are also notable at the species level. Spartina
and Distichlison one hand have similar foliar and canopy structures much like flat—leaved
grasses. Juncumnd Salicorniaon the other hand have very unique foliar and canopy
characteristics usually characterized by low chlorophyll and denser canopy structures with an
overall low reflectance in the visible—-NIR region of the spectrum, as measured from in situ
spectral acquisition (Figure 3.4c). Similar patterns were observed when the invaisu p

averaged to MODIS visible and NIR bandwidths; the differences in the spectral response among
different species were very much evident (Figure 3.4d). Studying species level spectral response
is crucial before biophysical model construction as it provides some pre—insight into potential
performances of species specific or species independent models. As the species level spectral
response showed significant differences, constructing species specific biophysical models

seemed logical.
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b. In-situ Reflectance Based Biophysical Models

Three models were devise/developed usingtu hyperspectral spectra to estimate biophysical
characteristics of (1$parting (2) Juncus and (3) Mixed/All species combined dataset.
Coefficient of Determination (& of the models of biophysical characteristics asrspecies
showed high variability and somewhat contrastinigavéor (Figure 3.5). For GBM, both linear
and nonlinear models performed poorly in termsxpil&ning the total variation in the data, not
only at the individual species level but also whlata for all species were combined. VF
variation was explained i8partinaby both linear and non-linear models. The Vls dasered
and NIR bands performed relatively better thanitkigces based only on the visible bands such
as VARI. The opposite was true for VF modelsdohcusand all species combined, where VARI
performed better than the red—NIR based VIs. Vianatvas reasonably explained by some
linear and non—linear models for CHib Juncus whereas, few non-linear quadratic models
reasonably explained good variatiorSpartina The performances dropped considerably when
all species were combined. Similar trends were mieskfor GLAI, which is expected since
CHL. is derived as a function of LAI In general, theformances of VIs were not only

inconsistent across species but also across ditferephysical characteristics.

In addition, Pearson’s rank correlation test shogigdificant correlations between almost all
VIs and GBM (both irSpartinaandJuncug and VF (only inJuncu$ at the 0.05 level of
significance. CHL, VF, and GLAI did not bear sigo&nt correlations with VIs ispartina No
significant correlation was observed between Vs biophysical characteristics when all
homogenous plots were combined (Table 3.4). Therbgéneous plots also did not exhibit
strong relationships betweensitu VIs and biophysical characteristics. The initidilmation

attempted with Ocean Optics hyperspectral datanwaencouraging enough to develop models
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to be tested for validation with MODIS data. The lack of satisfactory performance in model
calibration when using in sitayperspectral data is attributed mainly to the strong influence of
species variability. In sitteflectance spectra, particularly in NIR show significant variability

across species because of the variations in cell structure and canopy architecture. That variability
is somewhat lost in MODIS data because of the averaging effect over a broad area (Figures 3.4a—

d).
c. MODIS Based Biophysical Models

After an extensive testing of numerous VIs retrieved from MODIS data using the

aforementioned calibration and validation methods, the WDR¥(@.1) (Gitelson, 2004) was
selected for estimating the biophysical characteristics (GLAI, CHL, VF, GBM) for the 250m

data, whereas, VARI (Gitelson et al. 2002) was selected for estimating the biophysical
characteristics for the 500m data (Tables 3.5-3.8; Figure 3.6—7). The performances of the non—
linear models were similar to that of the linear ones in term$ ahB %NRMSE. Therefore, to

avoid the saturation tendencies of non-linear models either at the very low or very high values,
linear best fit models were used for both 250m and 500m data. Further, it was observed that the
performances of several red—NIR based VIs on 250m data were similar to each other (Tables 3.5
and 3.6; Figure 3.6). This might be due to the fact that almost all of these VIs tend to normalize
the differences between NIR and red bands, using different coefficients, to increase their
sensitivity across a broad range of biophysical characteristics. Therefore, their overall
performances in estimating biophysical characteristics will be very comparable, especially for a
relatively low aboveground biomass ecosystem such as marshes. For 250m data, the few models
that showed the highest Buch as NDVI, EVI2, and SAVI also showed high %NRMSE during

validation. This may be due to some inherent bias in the models or a lack of uniform sensitivity
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for the entire range of biophysical characteristics further investigate the overlapping
performance of the VIs, we examined the residuaasnred—predicted) and the slope ratio
(M\/My), ratio of the slopes of the validation {Mand calibration (M trend—line, for all models.
M,/M. should be close to 1 for models with minimum laad maximum sensitivity across the
entire range of biophysical characteristics. Selgdhe best model for MODIS 250m data,
therefore, was not straightforward. In order toad®the best model for all biophysical
characteristics, we had to methodically elimindk®fathe other models. This was done
considering a combination of factors such 4s%NRMSE, M/M, and residual trends (Tables
3.5 and 3.6; Figure 3.8a—3.8e). First, we elimiddbteee models, NDVI, EVI2, and SAVI,
which showed relatively high %NRMSE (Table 3.6) &ghest deviation of MM, (Figure
3.8e). The highest deviation of M. for the three VIs also explained their lack offanmn
sensitivity across the entire range of biophysotelracteristics and high RMSE in their
predictions. This is further evident in residuands which indicated that NDVI, EVI2, and
SAVI produced some of the highest errors at thg i@ and very high magnitude of each
biophysical characteristic (Figure 3.8a—3.8d). Newd discarded Gk, which showed an overall
trend of under—estimation in residual plots (FigBi&a—3.8d). Finally, we eliminated WDRW (
= 0.2) which showed marginally higher deviatiorsiape ratio compared ta € 0.1). As such,
WDRVI (a = 0.1) was selected as the best fit model andused to model and map the
biophysical characteristics using MODIS 250m d&tee WDRVI based linear models

developed for mapping biophysical characteristresas follows:
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GLAI = 3.4886 x WDRVI (x = 0.1) + 3.0865 (6)

CHL = 1328.3 x WDRVI (« = 0.1) + 1285.036 )
VF = 172.74 X WDRVI (x = 0.1) + 156.75 (8)
GBM = 1757.423 X WDRVI (x = 0.1) + 1654.197 9)

For 500m data, however, it was observed that VARI outperformed all other Vis by a large
margin (Table 3.7 and 3.8; Figures 3.7 and 3.9). The overlapping performances of the Vs
encountered in 250m data were not present in 500m data. This might be due to the enhanced
water signal and increasingly fragmented patches of marshes, at the coarser 500m resolution
making the NIR band unresponsive for vegetation specific analyses, particularly for the red—NIR
based Vis. It is relatively difficult to find homogenous marsh pixels in 500m data compared to
250m data without having high influence of water background because salt marshes are by
nature fragmented and heavily interspersed with creeks and channels, salt pans, muds and
wracks. Therefore, despite careful study site and pixel selection before and during field visits, as
well as in subsequent analysis, presence of enhanced water signal in the 500m data becomes
unavoidable. This could be the reason why a green-red based VI such as VARI showed the
highest sensitivity to the marsh biophysical characteristics. As evident for Table 3.7 and 3.8,
VARI outperformed other Vls in terms of explaining the variance in the field data used in the
model, as well as prediction errors. The linear models used for mapping biophysical

characteristics for 500m are as follows:

GLAI = 7.8917 X VARI + 0.5532 (10)
CHL = 5041.7 X VARI + 321.16 (11)
VF = 409.42 X VARI + 37.571 (12)
GBM = 3617.104 X VARI + 543.3514 (13)
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d. Performance Comparison: MODIS vs In situ

From the calibration results, it was clearly evidiémat MODIS based biophysical models
outperformed models derived from Ocean Optics basseiiu hyperspectral data integrated to
represent MODIS bands. This was counterintuitive iateresting, because Ocean Optics data
were acquired almost at a controlled setting ov@sraogenous sub—plot, in contrast to MODIS
data where the degree of homogeneity was hard tatawra Therefore, it was expected that the
Ocean Optics data would be a better representatitree vegetation’s biophysical
characteristics. Our results indicated otherwisearter to investigate the reason behind this, we
compared spectral reflectance patterns of the damispecieSpartinaandJuncusderived from
both Ocean Optics and the MODIS sensor. Result®dstrate strong variability between
SpartinaandJuncusat the ground level (Schmidt and Skidmore, 20@Bgn spectral profiles

are acquired by the Ocean Optics hyperspectrabsendowever, species level spectral
variability seem to become diluted as the scakhefstudy site becomes coarser, as observed in
the MODIS derived spectral response for both 250%00m data (Figure 3.10). This clarifies
the contrasting performances between the MODIS/édrand Ocean Optics derived Vis.
Variation in the spectral response at the groundllean be explained by the foliar and canopy
structures oBSpartinaandJuncus Low average chlorophyll content and canopy stmecof
Juncusare also responsible for the absence of consildesahttering in the NIR ban8parting
with relatively high chlorophyll content and canagiyucture characterized by broader leaf area
scatters more radiation in the NIR region. NIReefance is primarily controlled by leaf
structure and canopy architecture; siBpartinaandJuncushave very different leaf structure,
the spectral variability for the two species in NdRalso the highest (Figure 3.10). However, as

the scale becomes coarser, i.e. at the MODIS gatielel, the species specific spectral
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variability is lost, and therefore, at the landscape level, species invariant models based on

MODIS seem to perform better than models based on ip.situ

Further, as is evident from model performances, for both 250m and 500m resolutions, red—NIR
band based VIs performed reasonably well; however, Vis based on only visible bands using
MODIS 500m datasets had better correlations with the biophysical characteristics. This can also
be explained by the loss of species specific signal in coarse resolution data, where a high degree
of similarity is noticed in the spectral response of species in the visible and NIR region of the
spectrum (Figure 3.10). This might also be attributed to the complex nature of salt marsh

habitats, where homogenous patches are often interlaced by tidal creeks and channels, fed by the
tidal waters. Water signals from those channels, as well as from the surrounding rivers/ocean, are
highly influential in minimizing the reflectance in the NIR region, making it insensitive to

species variability, with progressive coarseness in the spatial resolution. Tidal stage at the time of
MODIS image acquisition also has a significant effect on the biophysical models, as images
acquired during high tides considerably affect the sensitivity of the NIR, and subsequently

reduce the sensitivity of red and NIR based vegetation indices. When using MODIS daily surface
reflectance data, it is certainly possible to develop a filter to flag the tide dominated scenes by
matching tide level from the nearby tide gauge(s) the MODIS overpass time. However,

since we are utilizing the MODIS 8-day surface reflectance products, which provide us with pre-
calculated average reflectance over 8-day time period, it is not possible to determine the level of
daily MODIS scene contribution to the 8-day surface reflectance imagery. In other words, it is

not possible to determine for a particular pixel, whether it is an average of the complete 8 days of
surface reflectance, or less than that. Therefore, tidal influence could be one source of variability

in the biophysical models.
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e. Time—Series Composites and Phenological Analysis

The time—series map composites that we generateddd. 5 year time period using the best fit
models for both 250m and 500m data provide relegaatitative assessment of the biophysical
status of the salt marshes (Figure 3.11 and 3ldParticular, the models were able to illustrate
the effects of large scale natural disasters affg¢he region. For example, a comparison
between the time—series composites pre and postéme Gustav, using MODIS 250m datasets,
clearly illustrates the impact of the landfall,southern LA. Gustav made landfall at Terrebonne
Parish on Septembet'las a Category—2 hurricane, and downgraded tpic#l storm hours

later causing heavy rainfall and flooding in Plagurees, Jefferson, and St. Bernard Parish (~10—
15 inches rainfall between August 29 and Septerbpkttp://www.weather.gov). The 8-day
composite derived from the MODIS image of Augus2@)8 showed high levels of CHL, GBM,
GLAI and VF for those regions which is expectedimgithe middle of the growing season. Post
hurricane composites showed significant reductiotine levels of all biophysical characteristics,
indicating severe short-term physical impact oftiflgh energy phenomenon on the salt marsh
habitats (Figure 3.11). Over the years hurricdree® severely impacted the Gulf coast marshes
by causing substantial short-term damage due tordbmation of wind, tide, and wave action.
Most of the physical damage due to hurricane ldhai@dudes (a) compressed marsh — a net
decrease in surface area resulting from marsh lrishged together, (b) marsh balls — marsh
being piled, rolled, and deformed to create largeimals, and (c) sediment deposition on marsh
grass (Lovelace and McPherson, 1998). The biopalysiap composites before and after Gustav
demonstrated this immediate physical damage (Figurg). Comparison between MODIS based
GBM estimates from Terrebonne Parish with the migr®@BM estimates reported by Darby and

Turner (2008) from a salt marsh patch in approxatyahe same geographic area (accurate GPS

93



location of their study area was unavailable) reveal some differences between GBM magnitude
and phenology, particularly at the peak of the growing season. The peak biomass estimates from
MODIS 250m data (634.7 gfnOctober 2004) were less than their plot level estimates (877 gm

% September, 2004). Further, MODIS based model predicted the peak biomass level in October
rather than in September as reported in their study. Similar differences were also noticed at the
beginning of growing season. MODIS estimates of biomass from March 2004 (409.8/gre

being much higher than 114 gras observed by Darby and Turner (2008). Differences in the
estimates could be due to the difference in location of the exact sites or due to mismatch between

plot level estimates (their study) and coarse pixel level estimates (our study).

A similar comparison between pre and post Hurricane Katrina is shown using time-series
composites generated from MODIS 500m datasets. Katrina made its second landfall in the
Plaquemines parish as a Category 3 hurricane and maintained its intensity as it passed over St.
Bernard parish towards New Orleans (Waple, 2005). The reduction in the levels of biophysical
characteristics indicated severe stress in the salt marsh habitats in the Plaquemines, Jefferson and
St. Bernard Parish near New Orleans (Figure 12). From these examples it is quite clear that such
high frequency time-series map composites can not only help to identify extent and magnitude of
physical damage to marsh patches after similar natural or anthropogenic disasters, but can also
facilitate restoration and conservation measures. The high temporal resolution of the MODIS
products allows for frequent monitoring, leading to rapid initiation of restoration efforts after

disturbances and accurate monitoring of the restored habitats.

In addition, phenological charts derived from the time—series composites illustrate the trends in
the biophysical values quantitatively (Figures 3.13 and 3.14). The MODIS based biophysical

models enabled us to develop 15 years of high frequency phenology for any marsh site across the
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four Gulf States. The site specific phenology shawihis study for selected locations in
Terrebonne and Plaquemines parishes have beetoatapture not only the natural seasonal
variability, but also the effects of various natiaad anthropogenic events that have occurred
between 2000 and 2014 on the marsh biophysicaisstihese sites were carefully chosen for
analysis, as they are not only diverse in termspeties composition, but also they have been
subject to episodic tropical storms and severeghtgwhich have induced stress on the salt
marsh habitats. Therefore, these sites can bedsryesi as periodic critical hotspots of salt marsh

stress and degradation.

The growing season of salt marshes along the GadsCusually begins in March/April and
reaches peak growth and photosynthetic activiugust/September, followed by period of
senescence and dormancy from October until thenbagj of the next growing season. Natural
or anthropogenic disasters induce both short amgHigrm stress in these marsh habitats.
Hurricanes and similar high energy phenomena ssi¢fopical storms have been known to
cause moderate to severe short-term physical datoagarshes. For example, the short-term
effects of hurricanes Cindy and Katrina (2005), au$2008) and Isaac (2012) on the marshes
in Terrebonne parish are visible by the obviousictidn in the magnitudes of biophysical
characteristics after each event shown in bottM&®IS 250m composites and phenology plot
(Figure 3.13). Further, stress induced by periddatight are also visible in the growing seasons
of 2000, 2006, and 2011, when marshes witnesseeneat(D3) to exceptional (D4) dry

conditions in LA (US drought monitor archivégtp://droughtmonitor.unl.edy(Figure 3.13a—

d). A closer examination of the growing season®0ff8 and 2009 clearly shows the stress
induced by Hurricane Gustav in September 2008 aiml the effects seen in the map

composites (Figure 3.11). However, the steady regofrom the stress is also visible in the
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2009 phenology when the marsh habitats returnéaetpre-hurricane biophysical levels by
August 2009 (Figure 3.13e-h). It demonstratesék#iency of these marshes even in the face of
high intensity hurricanes. Moller et al. (2014) sled that up to 60% of observed wave
attenuation can be attributed to marsh vegetalibay also found that although storm waves
cause considerable physical damage to the steraugy of the vegetation, the marsh surface
remains stable and resistant to surface erosioarualdconditions. We found similar behavior in
our phenology plots, which showed that Gulf marshdfered severe short-term damage but
bounced back after every hurricane because théacgiand belowground architecture remained
stable. Similarly, the 500m data derived phenoldgyved from marsh patches in Plaquemines
parish, LA illustrates the impact of Hurricanes @irand Katrina in the growing seasons of
2005, and drought in 2000 and 2011. Comparativeysisdbetween the growing seasons of 2005
and 2006 shows recovery of the marsh habitats thenstress induced by back-to-back landfall
of Hurricanes Cindy and Katrina in the region (F&B8.14 e—h). The effects of the stress seem
directly proportional to the intensity and duratioina natural or anthropogenic event (such as
Hurricane strength or length of drought period)tker, the magnitude of the impact also
depends on the timing of an event. Stress induoedglthe middle of the growing season, when
photosynthesis, growth and reproduction rates igte dnd susceptible to any environmental
disturbances, is much more pronounced comparestiaridances during the non-growing

season, when marsh plants are already in a steggnegcence.

In addition to events captured through phenologhasis, other fluctuations were also seen in
the seasonal trends of the biophysical valuesgthesy have been a result of natural variability,
localized disturbances, or model uncertaintiesh@ugh detailed site-specific phenological

analysis of salt marsh habitats is beyond the sobfigs study, it is undeniable that such
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phenological plots have the potential to provide both quantitative estimates of site specific
characteristics, and the long—term trend of the Salt marsh health. MODIS is the only existing
sensor that provides 8-day cloud free products which are necessary for high frequency regional
phenological analysis. Such long—term trends can also be analyzed in conjunction with long—
term climate data, such as temperature and sea level rise, to assess and predict response of Salt

marshes climatic forcings.

MODIS derived time—series map composites and phenological charts provide coastal resource
managers and policy makers with both qualitative and quantitative information of the status of
salt marshes. The biophysical mapping methodology developed through this study can be used
for identifying critical ‘hotspots’ of marsh degradation due to factors other than natural disasters
such as developmental activities, oil and gas industry activities, urban runoff, sudden marsh die—
off events, changes in soil biogeochemical properties, and herbivory. The models and products
developed through this study have the potential to facilitate prioritization of restoration efforts
through identification of areas in need of immediate attention; they can also be used to compare

the biophysical status of marsh patches/habitats pre and post implementation of restoration.

Conclusion

This study provides novel methods for mapping salt marsh health and productivity, using fine
temporal resolution MODIS data. For the first time statistical models were established for marsh
biophysical characteristics by combining MODIS derived VIs and extensive ground data. This
kind of regional marsh study has not been previously attempted at such a large scale because of
the inherent difficulty in collecting ground data to represent coarse resolution satellite pixels.

Furthermore, ground data collection can be expensive and time consuming. The MODIS based
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models developed in this study have been able these biophysical characteristics
effectively, and can serve as baseline for develppatellite based models of NPP/CSP potential
of the salt marshes. Mapping NPP/CSP is crucialéecting whether these ecosystems are
functioning as sinks or sources of carbon in thérenment. This is particularly important
because these productive coastal ecosystems Buti@and elsewhere are vulnerable to climate
change induced sea level rise and perpetual develoal pressures. Our approach to study salt
marshes is different from conventional tidal remggasing approaches which have concentrated

on habitat delineation, species mapping and/or Imga#/loss.

The biophysical characteristics, analyzed in tlaiggy (GLAI, VF, CHL and GBM) are suitable
proxies for photosynthetic capacity, nitrogen catitand the physiological status (Blackburn,
1998; Pierce et al. 1994; Pinar and Curran, 1996)arsh vegetation since they are sensitive to
natural processes and anthropogenic activitiesraoguacross the region. These biophysical
characteristics can be different between speciesan$h vegetation due to their differences in
foliar and canopy structures, distribution, anditadlpreference, and inherent physiology.
Species—dependent marsh biophysical models arealignmaore accurate and can be
implemented only when marshes in the study aredeaassified into individual plant
communities. Classification of the marsh habitate homogenous species communities is
impractical as it requires significant ground daal tidal information; it is particularly difficult
when using moderate and coarse spatial resolutiosioss such as MODIS because of mixed
pixel issues. Further, unavoidable classificatioons can be introduced during mapping species
composition prior to application of these biophgsimodels, which in turn have built—in
uncertainties, which magnifies the error of thafiautput. As such, the information provided to

the end user (restoration managers and conserisaipmay be far from the reality. Therefore,
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using species—independent biophysical models (riloeinced by species diversity), is the best
option to generate high frequency time—series caigm Moreover, our analysis and results
clearly demonstrate the deterioration of the spgeleieel signal variation at the coarse spatial
resolution of MODIS, which makes it suitable fopad scale regional mapping. This study has
demonstrated the value of species—invariant biapalysodels, which can be implemented for
any marsh habitat regardless of its community casttipm. In addition, since these MODIS
based models are species independent, they cailibedufor monitoring similar salt marsh
habitats within United States such as coastal Gaofgxas, California, and the Carolinas, as
well as marshes in the temperate zones throughewvorld. For other marsh habitats, such as
the mangroves and freshwater marshes, these bicphgsodels may be applied after
recalibration and optimization. This is due to thet that mangroves and freshwater marshes

have significantly different foliar and canopy atehture.

Although MODIS can be an excellent choice for bexddndscape level biophysical mapping,
certain site specific studies may require inform@tt a much finer resolution. Mapping
biophysical parameters using species specific nsadejht be a better option than species
invariant models if species classification mapvailable for a study site. Further, in order to
implement these biophysical models using MODISafgarticular salt marsh habitat the extent
of the habitat has to be completely covered bgadtl8—10 pixels of MODIS 250m or 500m,
which may be impossible in highly fragmented habitin essence, selection of the appropriate
sensor for biophysical mapping should depend niyt @m the research questions and scale, but
also on the nature of the marsh habitat. Sincentbdels are somewhat influenced by tidal
fluctuations, developing tide invariant models diddae the next step which is certainly feasible

on temporally dense MODIS daily surface reflectatiata.
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The high temporal resolution of MODIS 8—day surface reflectance products, coupled with the
moderate spatial resolution, has immense potential in studying and monitoring both long and
short—term salt marsh health and physiological status. Further studies can be performed both at
site specific and landscape levels. The time-series maps and phenological charts derived from
MODIS imagery provide the tools necessary for effective conservation and restoration of these
fragile ecosystems. These products can be used in conjunction with different hydrological,
meteorological, and land—use parameters to assess the influence of different factors on marsh
health. Coastal resources managers and policy makers in the Gulf Coast will now have access to
large—scale maps of the status of the marshes under their jurisdiction and can use these products
to (a) identify problem areas that should be high priorities for restoration activities, (b) evaluate
the relative success of prior restoration efforts, and (c) locate the vulnerable Marsh patches most

likely to be affected by coastal developmental activities.
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Table 3.1:Detailed information on study sites used for MODIS model calibration and validation, with number of study plots in each

site and number of corresponding usable MODIS 250m and 500m pixels.

No. of usable

Data State Site Month Year N(l)(;tgf Species MODIS pixels
P 250m _ 500m
Louisiana Bayou Savage August 2010 7 Spartina, Juncus 7 7
Mississippi Marsh Point September 2010 20 Spart.'”"?" Jgncus, 3 2
S Distichlis
@ Louisiana Plaquemlne/_ September 2010 25 Spartln_a,_Sa!|corn|a, 3 1
o Terreborne parish Distichlis
I
© Mississippi Marsh Point September 2010 5 Spartina 1 1
Mississippi/ Spartina, Salicornia,
Alabama Grand Bay October 2010 37 Distichlis, Juncus > >
Mississippi/ Spartina, Salicornia,
Alabama Grand Bay May 2011 a4 Distichlis, Juncus ! !
c . . . .
.% Louisiana Plaquemlne/_ June 2011 21 Spartln_a,_Sa!lcornla, 4 3
3 Terreborne parish Distichlis
(._5 .
> Mississippi Marslhsggl(;]t/ Cat July 2011 10 Spartina, Juncus 5 2
Florida St Marks August 2011 16 Juncus 4 2
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Table 3.2: Summary statistics for the field dathecbed over growing seasons of 2010 and 2011 galath respective MODIS 250m

and 500m pixel averages for each biophysical paenne

Year Raw Data MODIS pixel average (250m) MODIS pixel avage (500m)
GBM VF GLAI CHL GBM VF GLAI CHL GBM VF GLAI CHL
Max | 6094.53 98.75 1.87 1242.611091.77 97.46 1.79 842.711102.17 98.52 1.87 906.02
S Min 42.61 0.30 0.001 0.77 104.57 0.34 0.001 158.388.66 2.09 0.09 1.15
o
(Q\]

Mean | 858.42 44.78 053 321.10 714.68 55.33 0.81 522.894.74 53.14 0.81 278.67
St. Dev| 811.32 2883 051 276.3pb 27345 26.71 057 217.280.21 33.26 0.68 311.42

Max |2422.20 95.01 3.54 1603.58 827.02 75.83 1.78 739.86841.31 55.81 153 723.51
Min 11528 2.09 0.001 40.83 268.34 29.13 0.24 273.382.59 8.35 0.30 268.09
Mean | 579.04 32.27 1.05 521.94 584.04 5117 0.89 473.282.73 37.56 0.92 457.14
St. Dev| 330.01 2081 085 383.70 181.38 17.01 048 15[(.42491 14.33 0.50 133.93

2011
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Table 3.3: List of satellite image derived VIs used for calibration and validation of the wetland biophysical characterjstiwas* R

used instead of Ri.eqgedS described in Gitelson et al. (2006).

Vegetation Index Formula Reference
Normalized Difference Vegetation Index NDVI) (RnirR — Rred/(RniR + Rred) Rouse et al. 1974
Enhanced Vegetation Index AEVI2) {2.5 x (Ryr = Rred/(RNIR 2.4 X Rregt 1)} Huete et al. 2002
Chlorophyll Index Red (Cl ¢qg)* (RniR — Rred)/RRed Gitelson et al. 2006
Wide Dynamic Range Vegetation Index\WDRVI) (o X Ryr — Rred/(00 X Ryir + Rred Gitelson, 2004
Soil Adjusted Vegetation Index SAVI) (RnirR — Rred* (I + L)/(Rnir + Rredt L) Huete, 1988
Chlorophyll Index Green (Cl green) (Rnir — Rareen/Rareen Gitelson et al. 2006
Green Normalized Difference Vegetation IndexGNDVI) (Rnir — Roreen/(Rnir + Roreen Gitelson et al. 1996¢
Visible Atmospherically Resistant Index {ARI) (Rareer Rred/( Roreent Rred Gitelson et al. 2002a
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Table 3.4: Pearson’s rank correlation between hyisighl characteristics and Ocean Optics derivedidiSpartina, Juncus, all

homogenous and heterogenous plots. Values in bdidate significant correlation at 0.05 level.

Pearson's Rank WDRVI WDRVI G

Correlations NDVI EVI2 (@=0.1) (a=0.2) Clrea  SAVE pyy  Cloreen VAR
GBM  0.502 0.5 0.542 0.529 0566  0.478  0.467  0.507 .436
Spartina VF 0.934  0.923 0.889 0.907 0.849  0.936  0.847 0.75  40.79
(N=19) CHL 0611  0.603 0.622 0.62 0621 0594  0.613  0.616 392
GLAI  0.754  0.751 0.733 0.742 0.71 0.758  0.683  0.616 0.66
GBM 0573 0573 0.62 0.606 0.642 0.546 532 0596  0.635
JUNCUS VF 0.567  0.576 0.622 0.604 0.653 0556 .497  0.578  0.752
(N=13) CHL 0.654 0.672 0.75 0.721 0.798 0.632 0.683  0.799 462
GLAI 0619 0632  0.716 0.685 0.772 0591 0568 0.698  0.758
GBM 0565  0.557 0.576 0.572 0581 0547  0.494 0519 8%0.4
Al VF 0.706 0.73 0.714 0.715 0.702 0732 0521 0493 10.86
Homogenous
(N=42) CHL 0544  0.562 0.574 0.568 0578 0552  0.418  0.433 9%0.5
GLAI 0678  0.703 0.703 0.699 0.702  0.698 0524 0516 880.7
GBM  0.053  0.057 0.053 0.054 0.051  0.058 -0.120  -0.0840.492
Heterogenous  VF 0.218  0.217 0.178 0.194 0.138  0.230  0.009  -0.008 6030.
(N=22) CHL 0292 0278 0.265 0.275 0.240 0278  0.151  0.1350.443
GLAI 0326  0.317 0.281 0.299 0.238 0325 0.049  0.050 980.7
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Table 3.5: Linear Rfor MODIS (250m) derived VIs calibrated against different biophysical characteristics. Because of the similarity
in performance of all the red-NIR based VIs, it was not possible to determine the best model for the 250m data taivi¢he R
alone. Best model selection was therefore dependent on the analysis of other parameters such as %NRMSE, slope ratio, and residual

trends as explained in Section 5.3.

R’ NDVI ~ EVI2  Clreg \(’;’2%\/1) \(’;IEFBVZ') sAvI
GLAI 0.867  0.865 0770 0821 0846  0.867
VF (%) 0.864  0.868 0811 0845 0859  0.864

GBM (g/m?) 0.864 0.871 0.819 0.850 0.864 0.864
CHL (mg/m?) 0.811 0.837 0.813 0.837 0.843 0.811

Table 3.6: Linear %NRMSE values for MODIS (250m) derived biophysical models for different biophysical characteristics. Relative
high %NRMSE corresponding to hight BNDVI, EVI2 and SAVI; from Table 4) signifies inherent bias in the model or non-uniform

sensitivity of the indices to biophysical characteristics.

WDRVI WDRVI

% NRMSE NDVI EVI2 Clred (@=0.1) (6= 0.2) SAVI
GLAI 19.165 17.443 14.030 14.967 15.957 19.168
VF (%) 25.163 23.659 21.538 22.055 22.636 25.163
GBM (g/m?) 19.504 19.355 20.151 19.616 19.425 19.505
CHL (mg/m?  26.297 25.913 26.052 25817 25.789 26.292
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Table 3.7: Linear Rfor MODIS (500m) derived VIs calibrated againdfetient biophysical characteristics. Most of thes VI
(especially NIR based indices) show very poor/weddtionship with biophysical characteristics exdep green-red based VARI.

However, selection of best-fit model was done bgrexing the %NRMSE and residual trends.

R’ NDVI  EVIZ  Cles  (201) (uo02) SAVI ONDVI Claee VARI
GLAI 0097 0128 0214 0184 0159 0097 0004  0.000 910D.
VE%) 0165 0192 0236 0249 0227 0165 0006  0.000 9800,

GBM (g/m?) 0477 0548 0658  0.632 0.615 0478 0.212  0.206 9390.
CHL (mg/m?)  0.000  0.000 0.000  0.446 0.482  0.000 0.718  0.000 8640.

Table 3.8: Linear %NRMSE values for MODIS (500mijided biophysical models for different biophysicalaracteristics.
%NRMSE of VARI was the lowest among the VIs testamtyoborating the failure of NIR based indicesarms of mapping

biophysical characteristics coarser resolution.

WDRVI WDRVI
%NRMSE NDVI EVI2 Cl red SAVI GNDVI Cl green VARI
(e=0.1) (e=0.2)

GLAI 41567 42.447 44205  43.578 43.115 41570  40.015 .4388 32.474
VF (%) 55.175 54.103 49.832  51.803  52.900 52.946  41.988 .1781 24.344
CHL(mg/m? 93504 84.891 70.034 75027  78.890 93.569  84.946 .1967 21.998
GBM (9/m”) 84850 75.253 59.066  64.532 68.718  84.818  68.707 .2189 17.340
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B Tidal Wetland Extent
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* Survey Sites 2011 Kilometers

* Survey Sites 2010

Figure 3.1. Map showing salt marsh extent in northern Gulf of Mexico, with survey sites for
2010 and 2011. Each of the survey sites contained numerous sub—plots from where the detailed

field data were acquired.
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Figure 3.2. In sitwdata collection activities at each sub—plot; a: spectral reflectance acquisition
using Ocean Optics sensor; b: sensor altitude (4.9m) and IFOV (1.8m); ¢ and d: sensor
calibration using a Labsphere 99% reflectance spectralon panel; e and f: biomass collection from
sub—plot; g: leaf chlorophyll content (Chl) measurement using SPAD 502 chlorophyll meter; h:
vegetation fraction binary mask measured from the IFOV of the sensor using a digital camera; i
and j: LAl measurements using LICOR LAI Plant Canopy Analyzer 2000 and AccuPAR LP-80

Ceptometer.
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Figure 3.3. a. Relationship between SPAD readicgsieed at each sub—plot calibrated against
analytical chlorophyll content values from laborgtanalysis; b. validation of the SPAD model

showing % NRMSE and 1:1 line.
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Figure 3.4. a. Reflectance (%) spectra of 69 sudismovering multiple species acquired using
Ocean Optics sensor.; b. Reflectance (%) spectiaedefrom MODIS 8—-day 500m surface
reflectance images for 33 pixels containing thelyfiots from 2010-2011. c. Sample spectra
for individual species as acquired by thesitu sensor with highlighted MODIS bandwidths.
Differences in the species level spectral resppasern were mainly due to the variability in
canopy structure and chlorophyll content; d. Sarspkectra acquired using Ocean Optics sensor
for individual species averaged to MODIS bandwidbigferences in species specific spectral

response were clearly visible similar to thesitu reflectance profile.
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represent standard deviations. Coefficient of Determination (R), Sample size (N) and Percent
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represent standard deviations. Coefficient of Determination (R), Sample size (N) and Percent

Normalized Root Mean Square Error (%NRMSE) for respective models are also shown. Points

with no error bars represent highly homogenous pixels with single study plots.
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Figure 3.11. Sample composites (top image) showing spatial distribution of biophysical
characteristics (in this case GBM) for four Gulf States using MODIS 250-m data. Expanded
maps showing the magnitude and distribution of CHL, GBM, GLAI, and VF pre-and post-

Hurricane Gustav.
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Figure 3.12. Sample composites (top image) showing spatial distribution of biophysical
characteristics (in this case GBM) for four Gulf States using MODIS 500-m data. Expanded
maps showing the magnitude and distribution of CHL, GBM, GLAI, and VF pre-and post-

Hurricane Katrina.
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Figure 3.13. Phenological variations in a: CHLGEBM, c: GLAI, d: VF in tidal wetlands of

Terrebonne Parish, LA, from 2000-2010 (250m MOD&&3l The effects of Hurricanes Cindy,
Katrina, Gustav, and Isaac and periodic Drought® lieeen highlighted. Comparisons between
the levels of e: CHL, f: GBM, g: GLAI and h: VF the growing seasons of 2008 and 2009 has

been shown as specific example.
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Figure 3.14. Phenological variations in a: CHL, b: GBM, c: GLAI, d: VF in tidal wetlands of
Plaquemines Parish, LA, from 2000-2010 (500m MODIS data). The effects of Hurricanes Cindy
and Katrina, and Gustav, and periodic Droughts have been highlighted. Comparisons between

the levels of e: CHL, f: GBM, g: GLAI and h: VF in the growing seasons of 2005 and 2006 has

been shown as specific example.
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CHAPTER 4

ANALYZING THE LONG-TERM PHENOLOGICAL TRENDS OF SALT MARSH

ECOSYSTEM ACROSS COASTAL LOUISIANA

Ghosh, S. and Mishra, D. R. Analyzing the long-term phenological trends of salt marsh

ecosystem across coastal Louisiana, submitt&emmote Sensing for review
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ABSTRACT

In this study, we examined the phenology of salt marsh ecosystem across coastal Louisiana (LA)
for a sixteen-year time-period (2000-2015) using NASA's Moderate Resolution Imaging
Spectroradiometer's (MODIS) 8-day average surface reflectance images (500m). We compared
the performances of least squares fitted asymmetric Gaussian (AG) and double logistic (DL)
smoothing functions in terms of increasing signal to noise ratio from the raw phenology derived
from the time-series composites. We performed derivative analysis to determine the appropriate
start of season (SOS) and end of season (EOS) thresholds. After that, we extracted seasonality
parameters in TIMESAT, and studied the effect of environmental disturbances/anomalies on the
seasonality parameters. Finally, we performed trend analysis using the derived seasonality
parameters such as base Green Biomass (GBM) value, maximum GBM value, seasonal
amplitude, and small seasonal integral. Based on root mean square error (RMSE) values and
residual plots, we selected the best thresholds for SOS (5% of amplitude) and EOS (20% of
amplitude), along with the best smoothing function. The selected SOS and EOS thresholds were
able to capture the environmental disturbances that have affected the salt marsh ecosystem
during the sixteen-year time-period. Our trend analysis results indicate positive trends in the base
GBM values in salt marshes of LA. However, we did not notice as much positive trend in the
maximum GBM levels. Hence, we observed mostly negative changes in the GBM amplitude and
small seasonal integral, which indicate overall progressive decline in the rates of photosynthesis
and biomass allocation in the LA salt marsh ecosystem; most likely due to elevated atmospheric
carbon dioxide levels and sea level rise. The results illustrate both the relative efficiency of

MODIS based biophysical models in analyzing salt marsh phenology and performances of the
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smoothing techniques in terms of improving sigoatoise ratio of the MODIS derived

phenology.

Keywords: Salt Marsh; Phenology; MODIS; Louisiana; TIMESAT

138



Introduction

The global average atmospheric £fncentration currently at 405 parts per million (ppm) has
risen significantly almost by 45% since the pre-industrial revolution level of 280 ppm (NOAA

ESRL, https://www.esrl.noaa.gov/gmd/ccgg/trehdSuch increasing levels of G@ill have

wide-ranging consequences on ecosystem structure, function, and services; many natural systems
have already started showing signs of being affected (Parmesan and Yohe, 2003; Menzel et al.
2006; Post et al. 2009). Conservation and restoration of natural ecosystems, especially those with
high carbon sequestration capacity is crucial, in order to offset the rising levels of atmospheric

carbon Canadell and Raupach, 2008alt marshes are well recognized carbon sinks, and

conservation of such a natural ecosystem is critical in maintaining carbon balance in the
environment (Connor et al. 2001; Chmura et al. 2003). However, response of salt marshes to
global fluctuations of atmospheric G@ay differ from the responses of terrestrial or aquatic
ecosystems (Mayor and Hicks, 2009). Studies have demonstrated the differential response of salt
marsh plant species to the increasing levels of, @@h C; plants (e.g. Phragmitgbeing more
productive than gplants (e.g. Spartiraan effect that has been found to be enhanced by sea-

level rise as well (Erickson et al. 2007; White et al. 2012). This reduced productivityptrts

puts them at an adaptive disadvantage, where they might be out-competgspbgi€s (Polley

et al. 2007), causing massive shifts in biogeochemistry and ecosystem functioning. Continuous
monitoring of phenology of salt marsh ecosystem for detection and analysis of any such trends is
of utmost priority for successful implementation of conservation and restoration measures, both

at the site-specific or at the landscape level (Ghosh et al. 2016).

One way to study and understand the productive health of any vegetation ecosystem is through

analyzing the long—term spatio—temporal trends in phenology, with relation to their environment
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(White et al. 1997). Phenological measurements aadhe timing of budburst and flowering are
now widely used to detect and study the effectiofate variability on vegetation health both at
the site—specific or broader landscape scale (Kratna. 2000; Beaubien and Freeland, 2000;
Primack et al. 2004). Further, phenology has béewas to be an effective indicator of forest
and crop management practices (Keatinge et al.; 19&8&kamp et al. 2002), urban heat islands
(Roetzer et al. 2000; Zhang et al. 2004), the BteNsouthern Oscillation (Keeling et al. 1996;
Asner et al. 2000; Vicente-Serrano et al. 2006, eren the impact of allergies on human health
(Van Vliet et al. 2002). Moreover, accurate monitgrof vegetation phenology is crucial for
development of global surface energy and waterriaxiels (Arora, 2002) and global carbon
cycle (Running and Nemani, 1991; Wilson and Baltiac2000). Therefore, phenological
properties or seasonality parameters, such agmtimggtof the start and end of season, rate of
green—up and brown—down, amplitude, and maximumtirtevel have become emerging

indicators of global environmental changes (Kurétedl. 2004; Scheifinger et al. 2002).

Satellite derived biophysical properties have bieequently utilized to understand vegetation
phenology, the onset of leaf greenness in the g the onset of leaf coloring in the autumn
(Soudani et al. 2008; Zhang and Goldberg, 2011ndRe sensing-based phenology began with
the AVHRR (Reed et al. 1994) and has been sigmifigamproved with the MODIS onboard
Terra and Aqua satellites (Zhang et al. 2003). BofiHRR and MODIS are operational right
now, but MODIS provides images at a finer spagabiution (250 m to 1 km vs. 1 km), spectral
resolution (36 spectral bands vs. 6), and geolocatccuracy (Wolfe et al. 2002). Studies have
utilized MODIS images for monitoring ecosystem pblegy at both site-specific and landscape
scales (Ahl et al. 2006; Fisher and Mustard, 2@bi&ng et al. 2006; de Beurs and Henebry,

2005; White et al. 1997).
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Developing algorithms to automatically retrieve land surface phenology metrics from satellite
data has been a popular research topic (de Beurs and Henebry, 2010; White et al. 2009; Walker
et al. 2012). However, the nature of satellite data makes it difficult to extract phenological
metrics from it directly (de Beurs and Henebry 2005; Verbesselt et al. 2010). Satellite derived
time-series data inevitably contain disturbances caused by cloud presence (Gutman, 1991),
atmospheric variability (Huete and Liu, 1994), and aerosol scattering (Xiao et al. 2003), that
degrades the data quality and hinders analysis. Therefore, satellite derived time-series data are
commonly quality-screened and/or smoothed to minimize noise and compensate for the absence
of data before phenological metrics can be estimated (Atkinson et al. 2012). Several methods
based on interpolation of time-series data have been proposed to remove such noise and to
reconstruct high-quality time-series product (Viovy et al. 1992; Jonsson and Eklundh, 2002;
Chen et al. 2005; Moody et al. 2005; Sellers et al. 1994; Roerink et al. 2000). The MATLAB

based program TIMESATh{tp://web.nateko.lu.se/timesat/timesat)aafpows the user to test

different smoothing techniques, along with various statistical filters for increasing signal to noise
ratio and generating noise-free phenology that can be further utilized for generating seasonality
parameters (Jonsson and Eklundh, 2002; 2004). such as derivative analysis of the smoothed time
series, matching phenology dates derived from in-situ observations such as PhenoCam, or using
known SOS/EOS thresholds on the smoothed time series (particularly for smoothed NDVI

phenology) (Zhang et al. 2003; Heumann et al. 2007).

Phenology has been studied in details in a variety of different terrestrial such as tropical
rainforests, deciduous habitats, grasslands, and aquatic ecosystems such as phytoplankton (Asner
and Alencar, 2010; Hufkens et al. 2012; Shen et al. 2011; Palmer et al. 2015). However, very

few studies have emphasized the need to analyze long-term phenology of salt marsh habitats
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(Ghosh et al. 2016; Mishra and Ghosh, 2015; Mishra et al. 2015). In this study, we attempt to
analyze long-term trends in the phenology and seasonality parameters of the salt marshes in LA
using existing MODIS derived biophysical parameters , and analyze the broader implications of
the trends observed. We first describe and test methods for deriving noise-free phenology and
seasonality parameters for salt marshes in LA. After that, we try to validate our methods through
analyzing the annual variations. Finally, we analyze the long-term change trends in the

seasonality parameters using statistical trend analysis techniques.

Study Area

LA has the maximum acreage of salt marsh ecosystem (>6500 sg. km) in US (National Wetlands

Inventory;http://www.fws.gov/wetland$/(Figure 4.1). The ecosystem is mostly dominated by

smooth cord-grassSpartina alterniflorg, and salt meadow cord-gragpgrtina patens Apart

from that, patchy distributions of American Glassw&al{cornia virginicg, saltwort Batis

maritima), and seashore saltgragsgtichlis spicata are also encountered. The distribution of

black needle rushlncus roemarianyss limited along the brackish regions. High salinity and
anoxic soil does not allow growth or survival of nonspecialized plant species; floral diversity,
hence, is remarkably low (Weis, 2010). The climate of the region is tropical to sub-tropical,
characterized by hot and humid summers, with occasional tropical storms and moderately cold
winters.The salt marshes stretch across four state climatic divisions, viz. southwest, southcentral,
southeast and eastcentral. The majority of the salt marsh ecosystem falls within the southeast
(~4000 knf) and the southwest (~2000 Rnelimatic zones. Average annual temperature in this
region varies between 15 and 25 ° Celsius, while annual precipitation ranges from 80 to 100 cm

(National Weather Service, http://www.weather.go8ince 2000, the salt marsh ecosystem in

LA have experienced the landfall of major hurricanes, such as Lili (2002, Category 1), Katrina
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and Rita (2005, Category 4 and 3 respectively) t&u&008, Category 2), and Isaac (2012,

Category 1) (National Hurricane Centngtp://www.nhc.noaa.goy/The marsh ecosystem in LA

are also home to more than 160,000 oil and gas\lefles et al. 2005), that accounts for almost
18% of oil and 24% of natural gas production inth8., valued at $6.3 billion, and $10.3

billion respectively (Tiner, 2013). Hence, thesesystems have been subjected to intense
dredging and channelization for transportation et as significant groundwater removal, which
has led to soil and marsh erosion and localizedidehce. Further, the sediment flow from the
Mississippi River, which typically provides nutrisrand substrate for salt marshes, has been
extensively trapped through excessive construaifdavees across the LA coast. Therefore, it is
increasingly difficult for the salt marshes to suisthemselves and fight against sea level rise.
Disturbed salt marsh ecosystem in the region has mwvaded by common reedh{ragmites

australig at certain places (Tiner, 2013).

Over the past decade, there have been an increasiniger of reports of salt marsh “dieback” in
the U.S. In 2000 and 2007, LA experienced a suaaenacute dieback event (termed “brown
marsh”) that affected over 100,000 heSplartina alternifloradominated salt marsh throughout
the Mississippi River deltaic plain (Bertness e2809; Lindstedt and Swenson, 2006). In
addition, although the long-term impact is stilknown, the Deepwater Horizon oil spill in 2010
had a severe short-term impact on the health adrakfringe and interior salt marsh patches of
LA, characterized by loss of chlorophyll, biomaasgd subsequently a reduction in

photosynthetic capacity (Mishra and Ghosh, 2016gBet al. 2012; Mishra et al. 2012).
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Materials and Methods

a. Time-series composites

The MODIS Land Science Team provides several data products derived from MODIS
observations to the public, including the 8-day composite Land Surface Reflectance

(MODQ09A1). The MODO09AL1 datasets include seven spectral bands at a spatial resolution of
500m corrected for the effects of atmospheric gases, aerosols, and thin cirrus clouds (Vermote et
al. 2011). We generated time-series composites for green biomass (GBM) for the salt marshes of
LA, for a sixteen year period (2000 — 2015) using MODIS 8-day surface reflectance data

(500m). We generated subsets of LA salt marshes using the most recent vector boundaries

obtained from NWI databaskt{ps://www.fws.gov/wetlands/We generated GBM composites

using the relationship between GBM and Visible Atmospheric Resistant Index (VARI) (Gitelson

et al. 2002) described in Ghosh et al. (2016) as follows:
GBM (grams per square meter) = 3617.104 * VARI + 543.3514 (1)

The GBM biophysical model was developed using MODIS surface reflectance and in-situ
estimates of GBM from 200 study plots across the northern Gulf of Mexico. The model produced
an F of 0.93 and an inherent percent normalized root mean square error of 17.34% in GBM
estimation. Ghosh et al. (2016) had demonstrated the superior performance of VARI for mapping
salt marsh GBM using the MODIS 500m images compared to the NIR based indices such as
NDVI. The poor performance of the traditional NIR based indices was attributed to the severe
interference of NIR wavelengths to the background moisture and tidal signals; whereas, the
sensitivity of visible bands was argued to be less susceptible to background water signals. While

generating GBM composites, we utilized MODIS quality assurance bands to retain only the best
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guality pixels in the time-series composites (Vetenet al. 2011; Ghosh et al. 2016). This
enabled us to assign equal weight to all the safsmpixels for extraction of phenology, rather
than assigning weights based on quality pixelsIMBSAT. However, tidal correction was not
performed, as it is not possible to determine éwvell of daily MODIS scene contribution to the
8-day surface reflectance imagery, which would otiee, had helped correcting for tidal

signals using daily tidal fluctuation data (Ghoslale 2016).

Since the MODIS surface reflectance products haeengoral resolution of 8 days, 46 GBM
composites were generated per year for LA salt nestghus, for the sixteen year study period,
736 composites were generated in total. We analifmedalt marshes of southeast and southwest
climatic zone separately in order to avoid any mipancy due to climate variability. We created
subsets of salt marsh GBM composites for individliahatic zones, using the LA climate zone

boundaries obtained from the NCDC archivas$ps://www.ncdc.noaa.gov/Once subsets were

generated for salt marshes for individual climaboes, we converted the raw GBM composites
to 16 bit signed generic binary format for runnilylESAT

(http://web.natleko.lu.se/timesat/timesat)adfde also compiled temperature, precipitation and

PDSI (Palmer, 1965) data for the individual climaones from the NCDC archives, to
investigate any significant temperature, preciptand PDSI anomalies during the sixteen year

period that might potentially contribute to saltrstaphenological trends.

b. TIMESAT

Although the pixels for time-series analysis weaigeully screened using the MODIS quality
assurance data, the raw time-series as derivedtfrer®BM composites still showed presence

of residual noise, possibly generated from shomiti®calized environmental disturbances, or
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tides. However, since the GBM composites were generated using a visible band index (VARI),
the tidal effect can be assumed to be minimal. We used the MATLAB based program TIMESAT
to generate pixel-wise noise-free time-series of GBM. A number of methods have been
developed to reduce noise prior to time-series such as Fourier Series (Andres et al. 1994; Olsson
and Eklundh, 1994), Best Index Slope Extraction (Viovy et al. 1992), Logistic curve (Paruelo

and Lauenroth, 1998), and Savitzky—Golay filtering (Chen et al. 2004; Jonsson and Eklundh,
2004). TIMESAT provides options to fit smooth continuous curve to raw time-series data using
AG, DL and/or SG filters. In these methods local model functions are fitted to data in intervals

around maxima and minima in the time-series (Jonsson and Eklundh, 2002, 2004).

For AG smoothing function, the basis function becomes:

exp [— (t_xl)xs], if t>x,

X2
exp [— (xlzt)xs], if t <x

X

g(t; x4, %0,...,X5) =

(1)

For this function xdefines the position of the maximum or minimum with respect to the
independent time variablex, and % determine the width and kurtosis of the right function half;

while, X, and % determines the same of the left function half.

The basis function for DL smoothing function is as follows:

G20, o) Xy) = ——me — —— )

1+exp (x}c—;) 1+exp (x;—;)

wherex; and % defines the position of the left and right inflection point respectively, while x
and x gives the rate of changexatand % respectively. Also for this function the parameters are

restricted in range to ensure a smooth shape (Eklundh and Jonsson, 2012).
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The AG and the DL filters have been found to produce similar results, with the AG filter being
less sensitive to incomplete baseline time-series data (Gao et al. 2008). We tested both filters for
generating noise-free time-series and then extracting seasonality parameters. The SG filter was
not considered to be ideal for deriving smooth time-series as it is too much susceptible to
localized noise in the raw phenology generated from the time-series images and hence might
provide erroneous estimates of seasonality parameters (Tan et al. 2011). We used the STL
method to remove spikes and outliers in the time-series. The STL method removes outliers by
assigning weights to the values in time-series based on STL decomposition. This method does
not depend on ancillary data, and is global in nature (Cleveland et al. 1990). Further, we also
eliminated any negative or zero values observed in the raw phenology from our analysis. We
specified an adaptive upper envelope assuming any noise to be negatively biased (Jonsson and
Eklundh, 2002, 2004). We specified and adaptation strength of 2, as stronger adaptation strength
is likely to put too much emphasis on single high data values leading to erroneous estimates of

seasonality parameters (Jonsson and Eklundh, 2002, 2004).

c. Start and End of Season determination

TIMESAT allows the user to specify SOS and EOS dates as a user defined fraction of the
seasonal amplitude. We derived SOS and EOS using different thresholds (fractions of seasonal
amplitude), such as 5%, 10%, 15% and 20%. We tested thresholds below five percent, as it
might be influenced by the noise from the non-growing season (Heumann et al. 2007).
Phenology studies using TIMESAT have mostly preferred to use thresholds above 10% (usually
20%; sometimes 50%) for deriving SOS and EOS dates, using NIR wavelength based vegetation
index time-series; most of these thresholds are usually determined based on expert opinions or

on-field observations of SOS and EOS (Suepa et al. 2016; Zeng et al. 2011; Delbart et al. 2005).
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However, phenology of salt marsh ecosystem hauwberdoeen studied in detail, nor did we
have any on-field monitoring stations observing-teae SOS and EOS, based on which,
appropriate thresholds of SOS and EOS could beechoisvalidated for TIMESAT.
Temperature variations at the start and end ofjtb@ing season may be used to determine SOS
and EOS; however, plant phenology and seasonalitynpeters are not only influenced by
temperature, but also by other environmental vésobr local environmental disturbances and
dynamics. Further, NDVI time-series or thresholdsld not be utilized for deriving SOS and
EOS, as NDVI or any NIR based indices are pronadensitivity in salt marsh settings (Ghosh
et al. 2016). GBM was derived from MODIS 500m 8-dayface reflectance composites for LA
marshes using the VARI (VARI; Gitelson et al. 200&2hich had been shown to be more
sensitive than NIR based indices, especially ftirsarshes with perpetually saturated soil
(Ghosh et al. 2016). Therefore, we tested the pedaces of different thresholds by matching
the SOS, and EOS dates derived using derivativigsasgTan et al. 2011; discussed in the

following analysis section) against dates deriveid@ different thresholds in TIMESAT.

Analysis

a. Determination of start and end of season datesgudérivative analysis

Unfortunately, there is no specific universal tina@d, that can be applied to estimate SOS and
EOS dates; and calibration is necessary beforetggieof any specific threshold. We
investigated the derivatives of smoothed GBM tirages data, derived using both AG and DL
methods from ~400 random pixels. We estimated tiné tnder derivative from the smoothed
time-series and derived local maxima and miniman(@tal. 2011). The third order derivative

has been demonstrated by Tan et al. as betteabodifor identifying SOS and EOS than the
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second order, as the latter represents the timhenwhe majority of vegetation within a pixel is
turning green, rather than the timing when the geasf green-up rate or brown-down rate is the
greatest. For SOS and EOS, we matched the locahmaand local minima respectively, with
the SOS and EOS dates derived using differenthbtds in TIMESAT. We did this using
smoothed time-series of both AG and DL method. \dendt analyze derivatives for POS date
estimations, as POS is a function of the maximulaevancountered in the middle of the
growing season; and it does not depend on thehbigs chosen for SOS and EOS. Once we
matched SOS and EOS dates derived from derivatialysis against TIMESAT thresholds, we
estimated the error between the observations uswignean square error (RMSE), and also
analyzed residual plots for any specific trends.dMected TIMESAT SOS and EOS thresholds
that illustrated the greatest agreement with thesdderived from derivative analysis. After that,
we derived seasonality parameters using the bessthtblds and the best smoothing technique in

TIMESAT.

b. Seasonality Analysis

We extracted seasonality parameters (Table 4.Blfdine pixels covering salt marshes of LA,

for the entire sixteen year period. Once extradtesly were analyzed for seasonal fluctuations.
Seasonality parameters of salt marshes of differlentite zones of LA were analyzed
separately. In this study, we present the seadlueailations in SOS and EOS for salt marshes in
southeast and southwest LA, as these climatic zom@sin the majority of the salt marsh
extents in LA. Possible reasons behind the seaflogtlations were investigated, through
careful study of environmental events such as teatpes and precipitation anomalies, landfall

of tropical storms, man-made hazards or other ¢loneazards such as drought causing possible
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localized dieback that might trigger an early end to a growing season, or a subsequent late/early

start of growing season.

c. Trend Analysis

We extracted seasonality parameters, such as base value, max value, amplitude and small
seasonal integral that are major indicators of seasonal photosynthesis and biomass production
and accumulation, for all the salt marsh pixels covering coastal LA for sixteen year period. At
first, we examined the overall trend in these seasonality parameters using simple linear
regression. We examined the slope of the fitted trendline to determine any overall positive and
negative trends over the sixteen year time period based on the positive or negative value of the
slope magnitude. After that, in order to highlight the spatial distribution of the marsh pixels
showing improvement (positive change) and stress/degradation (negative change), we employed
the MK trend test (Kendall, 1970) to determine the phenological changes of salt marshes of
southeast and southwest LA from 2000 — 2015, using R (R Core hgamwww.R-

project.org). We calculated the MK trend test separately fargypixel for base value,

amplitude, max value, and small seasonal integral composites for the southeast and southwest
LA salt marshes. These parameters are crucial indicators of seasonal productivity. We classified
changes based on the z-score distribution at 95% confidence interval. A positive or negative
value of z represents an upward or downward trend, respectively. Changes beyond the lower
critical limit (z < -1.96) were classified as strong negative change, while beyond higher critical
limit (z > 1.96) were classified as strong positive change. Changes within the 95% confidence

interval were classified as weak (negative or positive depending on negative or positive values of

2).
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Results and Discussion

a. Derivative Analysis

Results from the derivative analysis showed sintilemds for both AG and DL methods of
smoothing. This was not unexpected, since prestugies have shown similar behaviors of
these two methods (Gao et al. 2008). For SOS (Eigwra), the 5% threshold seemed to agree
the most with the derivative analysis for both A@ld&L smoothing functions, with the lowest
RMSE. Higher thresholds showed greater RMSE. Thg 8&es derived using AG method
agreed marginally better with the derivative dedidates than the DL method; the AG method
showing an error of ~25 days for the 5% thresholtl-&28 days for the DL method. The residual
plots for SOS showed no specific trends for thetbféshold (Figure 4.3a). Higher thresholds
predicted late SOS dates when compared to thealeevderived dates. For EOS, the 20%
threshold showed the highest agreement with thgatere derived EOS dates (Figure 4.2b);
with errors progressively increasing with loweresinolds. The residual plots also demonstrated
late EOS predictions with progressive decreasingstiolds compared to the derivative derived
EOS dates (Figure 4.3b). The AG method again agrewé closely with the derivative derived
dates than the DL method in estimation of EOS .tRetest threshold (20%), AG method
showed an error of ~29 days, while the same for Rthod was ~40 days. Although
asymmetric thresholds may not be uncommon for AGlodistribution (both smoothing
function demonstrates skewness), seasonality paeasrere usually derived using symmetric
thresholds. However, as mentioned before, we didhage any in-situ observations of SOS and
EOS to validate the dates derived using asymmigtrgsholds in TIMESAT. Therefore, the only
way to validate our thresholds for SOS and EOStivamigh analyzing the inter-annual

variations of SOS and EOS, and investigating whdtiemajor deviations from the normal
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trends in SOS and EOS observed can be explaineddwyrences of environmental
disturbances/anomalies that might have influenhedd deviations. The following section on
seasonality analysis attempts to justify the validf the thresholds used for SOS and EOS,

through analyzing SOS and EOS variations in thiesix year time period.

b. Seasonality Analysis

The median SOS date for salt marshes of southedstauth west Louisiana as derived from
TIMESAT was ~60 Julian Days (Figs. 4.4a and 4.5&jctvcorresponds with the onset of
spring at the end of February and beginning of Makowever, in the years 2000, 2010 and
2013, the salt marshes of southeast LA displaytedd®S. The year 2000 had witnessed acute
recurring dieback event that affected almost 10D @ of marshes in LA (Lindstetd and
Swenson, 2006; Alber et al. 2008). This diebackhmigave been resulted from the extremely

dry conditions for two consecutive years 1999 add02(NCDC https://www.ncdc.noaa.goy/

The acute dieback event had most likely delayedhtinmnal SOS in 2000. The delayed start to
the 2010 growing season was most likely due todatet of spring owing to colder than normal

temperatures at the beginning of the season (N@BDQS://www.ncdc.noaa.goy/a

phenomenon observed in the salt marshes of southvess well.

Finally, a delayed SOS in 2013 might be attributethe after-effects of Deepwater Horizon Oil-
spill (2010) and Hurricane Isaac (2012). The reslidil and the clean-up efforts had negative
effects in on the marsh patches in the southeastibA the restoration efforts may have been
affected by the landfall of tropical storm Bonne2010, which brought additional oil into the
shoreline marsh. The short-term degradation dwd-pill, clean-up efforts and stress induced

by tropical storm Bonnie, delayed the peak growtthe marsh patches in the area in 2011
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(Mishra and Ghosh, 2015). In spite of this, the marshes had started recovery from the oil-spill
effects in 2011 (Khanna et al. 2013). However, recovery of the marsh patches, were further
damaged by the landfall of Hurricane Isaac in 2012, during the peak of the growing season.
Although Hurricane Isaac was a Category-1 hurricane, the timing of the landfall had an adverse
effect, as the salt marshes were unable to achieve full recovery from the stress induced by the oil-
spill. That could be the reason why we notice another delayed dormancy onset in 2013. Our
observations are consistent with those made by Khanna et al. (2017). Any residual oil effects in
2011 or 2012 might have been much localized, as the marshes had started to recover or had
already recovered from the oil-spill effects. Those localized effects were not severe enough to be
manifested in the MODIS data. Further, the biomass model has a 17% error, so a minor localized
disturbance producing localized effect in biomass level maybe below the error threshold and was

not picked up by the model.

Salt marsh growing season in LA normally ends around mid-November (Figs. 4.4b and 4.5b),
something that was observed in both southeast and southwest LA, with median EOS date being
~322 Julian days. However, salt marshes in both these regions experienced early end to the
growing season in 2005 and 2008. In southeast LA, Hurricane Katrina had made landfall in
September as a major Category 3 Hurricane, which had destroyed most of the salt marsh
ecosystem (Costanza et al. 2006) that were unable to recover in the same year. Similar drastic
EOS was observed in the year 2008, when Hurricane Gustav made landfall; however, the effects
of the landfall were not as severe as Katrina. In southwest LA, landfalls and subsequent damages
caused by Hurricane Rita (2005) and Hurricane Ike (2008) were the main reasons for early EOS
in the respective years. These results provide justification to the SOS and EOS thresholds chosen

for derivation of seasonality parameters, as they have been able to capture the environmental
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events that have affected the SOS and EOS of safimecosystem during the sixteen year time

period.

c. Trend Analysis

Simple linear trends in GBM base values, GBM mdxes, seasonal GBM amplitude and small
GBM integral are shown in Figure 6. Overall, durthg sixteen year study period, GBM base
values showed positive trends during the sixteem §ime period (Figure 4.6a), GBM max
values remained stable, while the rest of the sedibp parameters showed negative trends
(Figure 4.6b-d). The positive trend observed inlithee GBM values is an indicator of the
cumulative storage of carbon over time as abovegtdiomass. However, max GBM values
remained almost stable during the sixteen year piered; hence, negative changes were
observed in seasonal amplitude and seasonal ihtadieating long-term stress induced in the
salt marsh vegetation, resulting in reduced phattbegsis and aboveground biomass
accumulation. We observed severe short-term eftédtse periodic dieback events occurring in
the salt marsh habits in the years 2000, 2006afd, 2hd landfalls of major hurricanes in 2005
(Katrina and Rita), 2008 (Gustav and lke) and 2042ac), that affected the seasonal
photosynthetic activity of the salt marsh habitatkich is evident in the relative lower
magnitudes of seasonal amplitude, for those timege However, we also observed the
recovery of the marsh habitats from the stressaediy dieback events and hurricane landfalls,
when the environmental conditions became normalcanducive for salt marsh vegetation

growth.

Trend classes for the change in base values, mMag&s/aseasonal amplitude and small seasonal

integral (refer to Table 4.1 for description aneépblogical significance) for southeast LA salt
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marshes are shown in Figure 4.7. We observed pesitianges in the GBM base values in
almost 75.5% area of the salt marsh extent in sasthLA; with strong positive changes
observed in 31.6% of the area. However, the maxegadlid not show as much positive change;
we observed strong positive changes in only 7.2%etotal salt marsh extent. On the other
hand, we observed mostly negative changes in #mosal amplitude and small seasonal
integral, two parameters that are indicators ofseasonal photosynthesis rate and biomass
production. 70.3% of the salt marsh ecosystem sowegative changes in seasonal amplitude
(12.1% area showing strong negative change) wiil8% showed negative changes in small
seasonal integral (10.9% area showing strong negeliange). Overall, the areas of positive
changes in base value and negative changes iedsersal amplitude and small seasonal integral

matched well (Fig. 4.8).

Most of the salt marsh ecosystem showed a progeessirease in the base GBM value
indicating that considerable amount of carbon leesntaccumulated overtime and stored as
aboveground biomass in the salt marsh ecosystéerestingly, the maximum GBM value did
not show as much progressive increase as the gev@lue; thus explaining the strong
negative changes in seasonal amplitude and snaalbsal integral. This indicates progressive
decline in the levels of photosynthesis over théegin year time period. Normally, changes in
the levels of photosynthesis are attributed to gkarnn the levels of temperature and
precipitation, as they influence the photoperiod salinity of the ecosystem (Song et al. 2013;
Riddin and Adams, 2010). However, neither the tawmtpee nor the precipitation anomalies for
either southeast or southwest LA show any partiduéad during the sixteen year time period

(Figure 4.9). The salt marsh ecosystem of thedenmsdnave experience periodic diebacks,
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however, salt marshes being resilient ecosystem, are capable of recovering from short term

environmental stress if environmental conditions become normal again (Mishra et al. 2012).

Atmospheric CQlevels rose from 369ppm — 404ppm during the period 2000 — 2015, while sea-
levels have been observed to rise at a rate of 9 — 12mm/year in coastal LA (NOAA Tides and

Currents, https://www.tidesandcurrents.noaa.gov/sltrends/@dfidetm). Elevated CQlevels in

the atmosphere have been known to induce photosynthetic saturatipplamtS; the saturation
generally initiates at carbon dioxide concentrations beyond 350ppm (Taiz and Zeiger, 1991). In
salt marsh habitats, elevated atmospherig IE@els have been observed to reduce both above
and below-ground biomass allocation ipglant species (White et al. 2012, Erickson et al.

2007), as a result of reduction in stomatal conductance (Leakey et al. 2009), as well as rate of
water usage (Ainsworth and Long, 2005; White et al. 2012, Erickson et al. 2007) ultimately
reducing the rate of photosynthesis. . White et al. (2012) observed greater reduction in
aboveground biomass allocation of @ants than gplants in response to elevated GDd sea-

level rise in a salt marsh habitat, even with altered nutrient levels in the environment. The salt
marsh ecosystem in Louisiana is mostly dominated by the smooth cord@pastina

alterniflora) and salt meadow cord—graSpértina patens both of which G species. Therefore,

in light of observed rise in CQOevels and sea-level rise, this observed reduction in the level of
net photosynthesis and biomass allocation in salt marshes of LA is not entirely unexpected.
Although we haven’t done any field experiments to test this, there are many studies, over the past

decade, which have confirmed the phenomena using observed datasets.

If the progressive decline in the rates of photosynthesis and biomass allocation continues, the
carbon sequestration rate of the LA salt marsh ecosystem might not be able to keep up with the

rate of rising atmospheric GCrather, with periodic disturbances such as hurricanes, dieback
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and anthropogenic disasters, marsh loss will taerecosystem to carbon sources (DeLaune and
White, 2012). On the other hand, such elevateddenfeatmospheric COand sea levels will
stimulate photosynthesis, water usage capacityreore efficient biomass allocation iy Glants
compared to £(White et al. 2012, Erickson et al. 2007). Thightiexplain the invasion of
Phragmites australisn the coastal salt marsh landscape of LA (Hovedral. 2008)Phragmites
has a variable photosynthetic pathway, capablalibéding both G and G photosynthesis
(Antonielli et al. 2002). Under elevated levelsGfd,, the G pathway will probably become
dominant inPhragmitesand this would allow the plant to dominate thastal salt marsh
ecosystem, especially if the ecosystem experiemtegen enrichment through run-off
(Bertness et al. 2002). FhragmitesdisplacesSpartinaas the dominant species in the coastal
marsh landscape, there might be far-reaching eimalbgonsequences such as changes in plant
species abundance (Chambers et al. 2003) and ¢rmpplractions (Minchinton and Bertness,
2003; Silliman and Bertness, 2004), herbivore pafparh crashes (Pennings and Silliman, 2005)
or changes in soil biogeochemistry (Windham anceBteld, 2003). In this research, we don’t
claim that such a phenomenon is already underwayisabeyond the scope of this study, but
supporting evidence from our analysis suggeststitieae is a risk of such a cascading effect in

future.

Conclusion

The study provides a comprehensive analysis opllemological trends of the salt marsh
ecosystem of LA, showcasing the efficiency of th@MS based biophysical model derived
time-series composites of salt marsh GBM. We udBMtEBAT to generate noise-free

phenology from the GBM time—series composites afetermining the SOS and EOS thresholds
using derivative analysis. We justified our selectof the best smoothing algorithm (AG) and
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SOS/EQOS thresholds after matching the SOS and B@S derived using derivative analysis
and TIMESAT thresholds. We analyzed the seasonalitye SOS and EOS dates over the
sixteen year time period; the effects of the emnental events influencing the deviations from
the normal SOS and EOS have been efficiently cagtu¥inally, the trend analysis
demonstrated the reduction in the rates of seasmnglitude and small seasonal integral, and
improvement in the levels of GBM base value, intiicathe progressive reduction in the levels
of photosynthesis and biomass allocation in themnsatsh ecosystem, that might be attributed as

a combination of environmental effects such asgisitmospheric CQevels and sea—level rise.

Further, the trend analysis results have beentaldapture areas that are demonstrating
significant stress in terms of reduced photosyitteattivity and require immediate restoration
and conservation efforts. The results of this stcaly be compared with GPP trends as observed
from the MODIS 500m and 1-km GPP products; howeM&DIS GPP products for coastal
wetlands are derived using very generic grasslghd Wise efficiency (LUE) estimates from
Biome properties look-up table that do not incogpertidal effects or other coastal marsh
specific conditions. Therefore, conclusions fromR@Rend matching should be derived
exercising caution. Although trend analysis usinQIMS derived images can provide a valuable
insight into the phenological dynamics at the |aaghe level, site-specific trend analysis might
require similar analysis using site specific resonflsea—level changes, nitrogen enrichment and
salinity, along with finer resolution images. Indéttbn, with finer resolution images it will be
possible to determine the distribution dynamicghefinvasivePhragmites australign an
otherwiseSpartinadominated landscape, and compare the progresserfogical trends of the
two species, with respect to elevated,@vels and sea—level rise. Such a future study will

provide a clearer picture regarding possible ecoldguccession dbpartinaby Phragmites
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In addition, due to coarse nature of the MODIS sensor, the possibility of encountering mixed
pixels cannot be ruled out; but this problem persists even with fine resolution sensors. However,
the advantages of the fine temporal resolution of MODIS (daily images combined to generate the
8 day surface reflectance product), as compared to other fine spatial resolution satellites cannot
be ruled out, especially for analysis of long-term phenological trends. Finer spatial resolution
satellites often present the problem of cloud cover that may render images completely unusable
for analysis, resulting in frequent data gaps. This problem is particularly evident in coastal Gulf

of Mexico, where cloud presence in images from fine resolution sensors especially during the
peak growing season often hinders analysis. Further, their spatial coverage/swaths are much less
than MODIS; hence combining scenes from multiple days may create biases in the analysis

itself. Hence, for analysis at such broader landscape scale, MODIS is clearly a robust sensor.

This is for the first time that such a comprehensive analysis of the phenology of LA salt marsh
ecosystem has been studied in terms of the seasonality parameters. Using the suggested methods
in this study, monitoring of salt marsh ecosystem in LA, southeast US and elsewhere in the

world with similar environmental settings will be possible, following necessary re—

parameterization of the GBM model. Through continuous monitoring of the ecosystem, it will be
possible to ascertain whether salt marshes will continue to be a major carbon sink in the
environment, or changes in the environment will force them to become a net carbon source. As
mentioned before, salt marshes are dynamic and critical ecosystems in terms of carbon
sequestration. Therefore, continuous monitoring of these critical ecosystems is crucial for

effective restoration and management practices and formulation of global change policies.
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Table 4.1. Seasonality Parameters estimated by TIMESAT

Seasonality

Parameters Description/ Phenological Interpretation Unit

Start of Season Time at the beginning of growing season, when GBM Julian
' ' ; Days from

(SOS) begins to increase and photosynthesis starts Jan 1

End of Season Time at the end of growing season, when GBM ends to Julian
i Days from

(EOS) decrease and photosynthesis stops completely Jan 1

Computed as the mean of the time-period for which the  Julian

Peak of Season e

(POS) green-up process stops and brown-down starts; time whebays from

the GBM and photosynthesis reaches its maximum level Jan 1

Length of

Season (LOS) Time from start to end of growing season Days

Mean of the minimum GBM values at the start (initial

Base Value  5p) and end (final GBM,) of growing season

GBM unit

Maximum GBM value for the fitted function during the
Max Value  growing season/ GBM value during the peak of the growigBM unit
season

Difference between base and max value; Maximum incre?s*slgw| unit

Amplitude in canopy photosynthetic activity above the baseline

GBM

Rate of Green-up; rate of increase of GBM value from the unit/ 8

Left Derivative o ginning till the peak of growing season

days

. _ GBM
Right Rate of Brown-down; rate of decrease of GBM value from

I . unit/ 8

Derivative  the peak to the end of the growing season days

Integral of the function describing the season from start to
end of season, above the base level; indicator of net candpBM unit
photosynthetic rate across the entire growing season

Small Seasonal
Integral

Integral of the function describing the season from start to
end of season; indicator of gross canopy photosynthetic r&BM unit
across the entire growing season along with the base GBM

Large Seasonal
Integral
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CHAPTER 5
LONG-TERM TRENDS IN PHENOLOGY OF SALT MARSH ECOSYSTEM IN GEORGIA

USING MODIS'

'Ghosh, S., O’Connell, J. R., and Mishra, DLBng-term trends in phenology of salt marsh
ecosystem in Georgia using MODIS, to be submitted to IEEE Transactions on Geoscience and

Remote Sensing

184



ABSTRACT

Study of saltmarsh phenology is imperative to understand its response to environmental change.
In this study, we examined the phenology of salt marsh ecosystem across coastal Georgia for a
sixteen-year time-period (2000-2015) using NASA's Moderate Resolution Imaging
Spectroradiometer's (MODIS) 8-day average surface reflectance images (500m). We utilized the
least squares fitted asymmetric Gaussian (AG) smoothing function to increase signal to noise
ratio from the raw phenology derived from the time-series composites. We performed derivative
analysis to determine the appropriate start of season (SOS) and end of season (EOS) thresholds.
We validated the derived SOS and EOS using in-situ observations of SOS and EOS acquired
using PhenoCam. We extracted seasonality parameters in TIMESAT, and studied the effect of
environmental disturbances/anomalies on the seasonality parameters. Finally, we performed
trend analysis using the derived seasonality parameters such as base Green Biomass (GBM)
value, maximum GBM value, seasonal amplitude, and small seasonal integral. Based on root
mean square error (RMSE) values and residual plots, we selected the best thresholds for SOS
(5% of amplitude) and EOS (20% of amplitude). The selected SOS and EOS thresholds were
able to capture the environmental disturbances that have affected the salt marsh ecosystem
during the last sixteen-year time period. Our trend analysis results indicate positive trends in the
base GBM values in salt marshes of GA. However, we observed mostly negative changes in the
max GBM values, GBM amplitude and small seasonal integral, which indicate overall
progressive decline in the rates of photosynthesis and biomass allocation in the GA salt marsh
ecosystem. This observed decline in photosynthesis and biomass allocation is most likely due to
elevated atmospheric carbon dioxide Cl@vels and sea level rise. The results illustrate both

the relative efficiency of MODIS based biophysical models in analyzing salt marsh phenology
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and performances of the smoothing technique ingehmmproving signal to noise ratio of the

MODIS derived phenology.

Keywords: Salt Marsh; Phenology; MODIS; Georgia; TIMESAT
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Introduction:

Salt marshes are one of the extremely valuable ooegs of the coastal landscape because they
provide many critical ecosystem services, suchuagemt cycling, storm surge protection,

carbon sequestration, and organic material prodi¢tfaliela et al. 2000). These ecosystems are
well recognized carbon sinks, and conservatioruohs natural ecosystem is critical in
maintaining carbon balance in the environment (©omt al. 2001; Chmura et al. 2003).
However, coastal marsh habitats are particularlgenable to periodic and slow moving
environmental events, such as sea—level rise (Eraft 2009, Stralberg et al. 2011), rising
atmospheric C®(McLeod et al. 2011), changes in salinity (Callgveaal. 2007), dieback
(Ogburn and Alber, 2006) and ecological succes@wtigas and Pechmann, 2010). These
environmental factors can significantly affect #meall term and long term phenology of salt
marsh habitats both at site—specific and landskysds, which in turn, may have serious
implications on carbon cycle and primary produtyiyXiao et al. 2009). One way to study and
understand the response of any vegetation ecosystenvironmental changes is through
analyzing the long—term spatio—temporal trendshienmlogy (White et al. 1997). Phenological
measurements such as the timing of budburst ameéflog are now widely used to detect and
study the effect of climate variability on vegetatihealth both at the site—specific or broader
landscape scale (Kramer et al. 2000; Beaubien exeldnd, 2000; Primack et al. 2004).
Moreover, accurate monitoring of vegetation phegyplis crucial for development of global
surface energy and water flux models (Arora, 2@0R) global carbon cycle (Running and
Nemani, 1991; Wilson and Baldocchi, 2000). Theref@henological properties or seasonality

parameters, such as the timing of the start ancd&aedason, rate of green—up and brown—down,
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amplitude, and maximum growth level have become emerging indicators of global

environmental changes (Kunkel et al. 2004; Scheifinger et al. 2002).

Substantial effort has recently been devoted to expanding networks that track seasonal vegetation
dynamics (Morisette et al. 2009). With decades of remote sensing imagery in freely available
public archives, it is possible to quantify phenological changes through time and space, thus
enabling phenological monitoring at local, regional and global scales (e.g. Myneni et al. 1997,
Zhang et al. 2006). The Moderate Resolution Imaging Spectroradiometer (MODIS) provides
valuable data for monitoring ecosystem dynamics with appropriate temporal resolutions and
substantially improved geometric and radiometric properties (Zhang et al. 2006), and has been
utilized for mapping and studying long-term salt marsh biophysical characteristics (Mishra and
Ghosh, 2015; Mishra et al, 2015; Ghosh et al, 2016; O’'Donnell and Schalles, 2016). Studies have
utilized MODIS images for monitoring ecosystem phenology at both site-specific and landscape
scales (Ahl et al. 2006; Fisher and Mustard, 2007; Zhang et al. 2006; de Beurs and Henebry,
2005; White et al. 1997). Studies have also developed algorithms to automatically retrieve land
surface phenology metrics from satellite data (de Beurs and Henebry, 2010; White et al. 2009;
Walker et al. 2012). However, the nature of satellite data makes it difficult to extract

phenological metrics from it directly (de Beurs and Henebry 2005; Verbesselt et al. 2010). Time-
series data derived from satellite images inevitably contain disturbances caused by cloud
presence (Gutman, 1991), atmospheric variability (Huete and Liu, 1994), and aerosol scattering
(Xiao et al. 2003), that degrades the data quality and hampers analysis. Therefore, satellite
derived time-series data needs to be quality-screened and/or smoothed to increase signal-noise
ratio before phenological parameters can be estimated (Atkinson et al. 2012). Several methods

have been proposed to remove such noise and to reconstruct high-quality time-series products,
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based on interpolation of time-series data (Viovy et al. 1992; Jonsson and Eklundh, 2002; Chen
et al. 2005; Moody et al. 2005; Sellers et al. 1994; Roerink et al. 2000). The MATLAB based

program TIMESAT [ttp://web.nateko.lu.se/timesat/timesat)asfiows users to test different

smoothing techniques, along with various statistical filters for increasing signal-noise ratio and
generating noise-free phenology that can be further utilized for generating seasonality parameters
(Jonsson and Eklundh, 2002; 2004). After smoothing the raw phenology, various statistical
methods are used to determine the start and end of the seasons, such as analysis of derivatives of
the smoothed phenology, using known thresholds (particularly for smoothed NDVI phenology),

or matching with phenology dates obserwreditu, usually from continuously archived digital

photograph¢Zhang et al. 2003; Heumann et al. 2007).

While numerous studies have explored the use of satellite remote sensing data for monitoring
terrestrial phenology at landscape to regional scales (Fisher et al. 2007; Myneni et al. 1997;
Soudani et al. 2008; White et al. 2009), assessing the relationship between satellite-based
measurements of phenology, and in-situ phenological observations remains a challenge. Imagery
from remote sensing platforms such as MODIS is often collected at coarse spatial resolutions
that encompass considerable landscape heterogeneity within each pixel. Therefore, comparison
of phenological dates derived from satellite images with in-situ observations is necessary for
evaluation of uncertainties in phenological measurements (Graham et al. 2010, Hufkens et al.
2012, Elmore et al. 2012, Klosterman et al. 20l#xitu observations provide the oldest and
longest running phenology records in existence (e.g., Aono and Kazui 2008); although visual
observations are labor intensive to collect and the spatial extent of observations collected by an
individual is inherently limited. Digital repeat photography, a form of near-surface remote

sensing, provides data at higher spatial and temporal resolution than satellite remote sensing
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(Richardson et al. 2009). Specifically, digital repeat photography can provide imagery that is
nearly continuous in time, rarely affected by atmospheric noise, and robust to variation in
illumination conditions (Sonnentag et al. 2012). Exploiting these advantages, color indices
derived from digital repeat photography have been used to characterize the phenology of diverse
plant communities and functional types (PFT) such as deciduous broadleaf forest (Richardson et
al. 2007: Ahrends et al. 2008: Sonnentag et al. 2012: Hufkens et al. 2012: Dragoni et al. 2011),
evergreen broadleaf forest (Zhao et al. 2012), evergreen needleleaf forest (Ide and Oguma 2010:
Bater et al. 2011), desert shrublands (Kurc and Benton 2010), bryophyte communities (Graham
et al. 2006) and invasive plants (Sonnentag et al. 2011). However, phenology characterization of
salt marsh ecosystems using in-situ digital repeat photography have hardly gained importance;
the first PhenoCam for monitoring salt marsh ecosystem was set up in 2013 (Georgia Coastal

Ecosystem LTERNttps://gce-lter.marsci.uga.efluih addition, processing of images for

phenology characterization of salt marsh ecosystem is challenging (O’Connell and Alber, 2016).

Phenology has been studied in details in a variety of different terrestrial ecosystems such as
tropical rainforests, deciduous habitats, grasslands, and aquatic ecosystems such as
phytoplankton (Asner and Alencar, 2010; Hufkens et al. 2012; Shen et al. 2011; Palmer et al.
2015). However, analyzing long-term phenology of salt marshes using remote sensing is
challenging due to the inherent nature of salt marsh; high degree of fragmentation and
background water/tidal signal renders most of the traditional vegetation indices insensitive
towards plant growth stage (Ghosh et al. 2016). Hence, very few studies have emphasized the
need to analyze long-term phenology of salt marsh habitats (Ghosh et al. 2016; O’Connell and
Schalles, 2016; Mishra and Ghosh, 2015; Mishra et al. 2015). In this paper, we analyze the long-

term trends in the phenology and seasonality parameters of the salt marshes in GA using a
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combination of MODIS and in-situ derived phenological dates. We also discuss the broader
implications of the observed trends. We first test the performance of an existing MODIS based
GBM mapping algorithm, for mapping GBM of salt marshes across coastal Georgia (GA). Next,
we describe and test methods for deriving noise-free phenology and seasonality parameters for
salt marshes in GA, using time-series GBM composites generated using MODiSsénd
phenological observations. Finally, we analyze the long-term change trends in the seasonality

parameters using statistical trend analysis techniques.

Study Area

Georgia’s coast has approximately one-half million acres of tidal wetland habitats, with marsh
habitats extending from 4 to 8 miles into the mainland from the sea-coast (Figure 5.1). Georgia
contains almost one third of the total salt marsh extent in the eastern seacoast of US (Reimold,
1977). The most dominant macrophyte in these marsh habitats is Spartina alterndieang

more than 80% of the total marsh area (Hladik et al. 2013). Spartina alterrdlargrow up to

2m tall along the regularly-flooded creek banks in the low marsh, while medium (approximately
0.5-1.0 m) and short (< 0.5r8partinais observed in the mid-marsh and irregularly flooded

high marsh respectively. In the high marshes, occasional presence of other marsh species such as
Salicornia virginica Batis maritima Distichlis spicatas also observed. At the highest

elevations, Juncus roemerianasd Borrichia frutescensecomes the dominant species. The salt
marshes in GA fall completely within the southeast climatic division; the coastal climate is
characterized by warm and wet summers and moderately cold winters (National Climatic Data

Centre, https://www.ncdc.noaa.gpvlhe temperatures range between 12.5 and 25.8alegr

Celsius, with an average annual rainfall of 125 cm (National Weather Service;

http://www.weather.goy/ Tides are semi-diurnal with a mean tide rang2.5fm.
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Since the late 1990s, severe dieback events have periodically affected Georgia (GA) coast
(Ogburn and Alber, 2006). Marsh dieback interrupts ecosystem functions by limiting above
ground biomass production and increasing erosion (Ogburn and Alber, 2006). These dieback
events could be related to a combination of stressors such as hydrological alteration, pollution,
sea level rise, severe drought events, changes in soil chemistry, wrack accumulation, fungal
pathogens, and herbivory, although precise reasons for the occurrence of marsh diebacks have
been disputed (Goodman and Williams, 1961; Ogburn and Alber, 2006; Brown and Pezeshki,

2007).

Materials and Methods

a. Time-series composites and climate data:

The MODIS Land Science Team provides several data products derived from MODIS
observations to the public, including the 8-day composite Land Surface Reflectance

(MODO09A1). The MODO09A1 dataset includes seven spectral bands at a spatial resolution of
500m corrected for the effects of atmospheric gases, aerosols, and thin cirrus clouds (Vermote et
al. 2011). We generated time-series composites of GBM for the salt marshes of GA, for a sixteen
year period (2000 — 2015) using MODO09AL1 based on biophysical models which are described in
Ghosh et al. (2016). The GBM biophysical model is primarily a linear relationship between

Visible Atmospheric Resistant Index (VARI) derived from MODIS surface reflectance images

and in-situestimates of GBM from 200 study plots across the northern Gulf of Mexico (GoM) as

follows:

GBM (grams per square meter) = 3617.104 * VARI + 543.3514 (1)
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The model produced a co-efficient of determinatiGpdf 0.93 and has an inherent percent
normalized RMSE of 17.34% in GBM estimation. Ghosh et al. (2016) had justified the use of
VARI for mapping salt marsh biophysical characteristics such as GBM, based on the superior
performance of VARI compared to other traditional NIR wavelength based indices such as
NDVI. The poor performance of the NIR based indices was attributed to the severe interference
of the NIR wavelengths to the background soil moisture or tidal signals; sensitivity of visible
bands to water signals was argued to be much less susceptible. We validated the GBM model
using in-situ GBM measurements from Georgia Coastal Ecosystem Long-Term Ecological
Research’s (GCE-LTER) permanent marsh monitoring plots (Georgia Coastal Ecosystem Long-

Term Ecological Research Network; http://gce-lter.marsci.ugp(eeéscribed in the following

section). GBM composites were generated post model validation and error estimation.

While generating GBM composites, we utilized MODIS quality assurance bands to retain only
the pixels that have been corrected for atmospheric noise, sensor level errors, and bidirectional
reflectance in the time-series composites (Vermote et al. 2011; Ghosh et al. 2016). This enabled
us to assign equal weightage to all salt marsh pixels for extraction of phenology, rather than
assigning weights based on quality pixels for time-series analysis. However, tidal correction was
not performed, as it is not possible to determine the level of daily MODIS scene contribution to
the 8-day surface reflectance imagery, which would otherwise, have helped correcting for tidal
signals using daily tidal fluctuation data (Ghosh et al. 2016). Since the MODIS surface
reflectance products have a temporal resolution of 8 days, 46 GBM composites were generated
per year for GA salt marshes; thus, for the sixteen year study period, 736 composites were
generated in total. Once subsets were generated, we converted the raw GBM composites to 16 bit

signed generic binary format for running TIMESAT. We also compiled temperature,
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precipitation and Palmer Drought Severity Index (PDSI) (Palmer, 1965) data for the GA
southeast climatic zone from the National Climate Data Centre (NCDC) (National Climate Data

Centre https://www.ncdc.noaa.gdwarchives, to investigate any significant tempeaetu

precipitation and PDSI anomalies during the sixteen-year period that might potentially contribute

to the variability in salt marsh GBM phenological trends.

b. In-situ GBM observations:

The GCE-LTER permanent marsh monitoring plots were established in 2000 for long-term
monitoring of plant parameters such as stem count, height and flowering status of every plant in
each plot (Pennings, 2016). Stem clipping samples were collected adjacent to plots in 2002 and
2007, then measured, dried, weighed and statistically analyzed in order to generate allometric
regression relationships between height and mass for estimation of plant biomass in
corresponding plots. This data set includes cumulative long-term observations of plant stem
count, height and biomass per marsh zone, plot and species at 10 GCE-LTER sampling sites
from 2000 to 2015. We used the rescaled GBM value (plot level observations rescaled to gm per
square meter) derived using the allometric regression relationship (Li and Pennings, 2016), to

validate the MODIS based GBM model.

c. Phenology smoothing using TIMESAT:

As mentioned before, the MODIS pixels for time-series analysis were carefully screened using
the MODIS quality assurance data. In spite of such quality control measures, the raw time-series
derived from the GBM composites still showed presence of residual noise, which can possibly be
attributed to localized environmental disturbances, or tidal water induced background soil

moisture. However, since the GBM composites were generated using a visible band index

194



(VARYI), the tidal effect can be assumed to be minimal. We used TIMESAT to generate smooth
time-series of GBM and to estimate the seasonality parameters for our study area. TIMESAT fits
smooth continuous curve to time-series data using Asymmetric Gaussian (AG), Double Logistic
(DL) and Savitzky—Golay filters (SG). In these methods local model functions are fit to data in
intervals around maxima and minima in the time-series. The AG and the DL smoothing
functions have been found to produce similar results, with the AG filter being less sensitive to
incomplete baseline time-series data (Gao et al. 2008). Since MODIS started acquiring images
from late February/early March in the year 2000, images from the beginning of our study period
were missing. Therefore, we considered to utilize the AG filter for constructing noise-free
phenology and derivation of seasonality parameters. The SG filter was not considered to be ideal
for deriving smooth time-series as it is susceptible to localized noise in the original raw
phenology generated from the time-series images and hence might provide erroneous estimates

of seasonality parameters (Tan et al. 2011).

The base function of asymmetric Gaussian is:

exp [— (t_xl)XS] , if andt > x4

X2

exp [— (xl_t)xs], ift<xg

X4

(2)

g(t;xq,%3,...,X5) =

For this function, xdetermines the position of the maximum or minimum with respect to the
independent time variablewhile % and x% determine the width and flatness (kurtosis) of the

right function half. Similarlyx, and x determine the width and flatness of the left half.

We used the Seasonal and Trend decomposition using Loess (STL) method to remove spikes and
outliers in the time-series; the STL method removes outliers by assigning weights to the values
in time-series based on STL decomposition. This method does not depend on ancillary data, and
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is global in nature (Cleveland et al. 1990). Further, we also eliminated any negative or zero
values observed in the raw phenology, from our analysis. The upper limit of GBM was set to
2000 g/, marginally higher than the upper limit of the predictive range of the GBM models
described in Ghosh et al. (201®)e specified an adaptive upper envelope assuming any noise to
be negatively biased (Jonsson and Eklundh, 2002, 2004), with an adaptive strength of 2; as
stronger adaptation strength is likely to put too much emphasis on single high data values leading

to erroneous estimates of seasonality parameters (Jénsson and Eklundh, 2002, 2004).
d. Start and End of Season determination:

We derived SOS and EOS using different thresholds (fractions of seasonal amplitude), such as
5%, 10%, 15% and 20%. Thresholds below 5% were not tested, as they might be influenced by
the noise from the non-growing season (Heumann et al. 2007). Phenology studies using
TIMESAT have mostly preferred to use thresholds above 10% (usually 20%; sometimes 50%)
for deriving SOS and EOS dates, using NIR wavelength based vegetation index time-series; most
of these thresholds were determined based on expert opinions or on-field observations of SOS
and EOS (Suepa et al. 2016; Zeng et al. 2016; Delbart et al. 2005). We did not test any NDVI
thresholds for SOS and EOS estimation, as NDVI or any NIR based indices are prone to
insensitivity in salt marsh settings (Ghosh et al. 2016). For this study, we utilized a modified
approach; we tested the performances of different thresholds by matching the SOS, and EOS
dates derived using derivative analysis (Tan et al. 2011; see analysis section) against dates
derived using the aforementioned thresholds in TIMESAT. Once we selected the best thresholds
for SOS and EOS, we matched the TIMESAT derived dates with SOS and EOS dates derived

from continuous images of a salt marsh patch acquired by a digital camera (PhenoCam; see
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following section), set up in Sapelo Island, GA. Once we validated the best SOS and EOS

thresholds, we derived seasonality parameters using TIMESAT, for further analysis.

e. PhenoCam Data:

PhenoCam images are digital images of vegetated landscapes acquired by cameras mounted on
towers or platforms to create almost continuous photo-record of seasonal changes occurring

within the landscape$itp://budburst.org/what-is-PhenoCarGCE-LTER became an active

participator in the PhenoCam network in September 2013. A StarDot Netcam was installed in the
GCE-LTER eddy covariance flux tower deployed in a marsh off the Duplin River at Sapelo
Island. The IFOV of the PhenoCam digital camera is pointed in the north-east direction, covering
a marsh patch almost the size of a MODIS 500m pixel (Figure 5.1). Images are being retrieved
every 30 minutes by a waterproof computer installed at Marsh Landing, then relayed hourly to
servers at the University of Georgia. Tides are semi-diurnal with a range of ~1.2 m on the marsh
platform. We analyzed images from January 1, 2014 through December 1, 2015 except when the
camera was not functional between July 16, 2014 and September 2, 2014. To reduce solar
illumination variation, analyses were limited to images collected between 10:00 and 14:30.
PhenoCam images were corrected for tides, haze, clouds and cloud shadows using a smart
classifier (O’Connell and Alber, 2016). We used a color index that tracked temporal change
while still allowing for year to year variation, the Green Chromatic Coordinate (GCC;

Richardson et al. 2007). GCC is calculated as follows

Gqa = Ga/(Rq + G+ By) )

where R, G; and B represent the average value of Ra@d B within the marsh ROI. GCC, a

color-based phenology index, tracks the seasonal progress of vegetation green-up. Green
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Chromatic Coordinate (GCC) was estimated for the salt marsh region of interest. A sequential

logarithmic curve was fitted to the extracted time-series GCC, as follows:

9O = +d 4)

a+ebt

where tis time (day of year, DOY), and bare empirical coefficients associated with the rate of
change in gcis the potential maximum g for a given vegetation type,damgresents the
background galue. The dates of tidal wetland green-up or start of season (SOS), peak
greenness/peak of season (POS) and complete brown down/end of season (EOS) were derived
from the corrected images using derivative analysis (Zhang et al. 2004). These dates were used
for validation of the phenological dates, derived using the best selected thresholds for AG

smoothing function in TIMESAT.
Analysis:
a. Validation of MODIS GBM model using in-situ GBM observation:

We used the GBM value derived using the aforementioned allometric regression relationship to
validate the MODIS based GBM model developed initially for the salt marshes of the GoM.

Since the salt marshes of Georgia are inhabited by the same halophytic macrophytes as observed
in northern GoM, we tested the performance of the model in GA coast. GBM values within
particular pixel were aggregated to match the MODIS derived GBM value for that particular

pixel. Percent normalized root mean square error (Y%sNRMSE, see Ghosh et al. 2016) was
estimated and residual plots were analyzed for detection of possible model saturation. GBM

composites were generated post error estimation and model validation.
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b. Determination of SOS and EOS:

There is no specific universal method that can be used to determine TIMESAT thresholds to
estimate SOS and EOS dates; calibration is necessary before selection of any specific threshold.
Therefore, we investigated the derivatives of smoothed GBM time-series data, derived using AG
smoothing function from ~100 random pixels. We estimated the third order derivative from the
smoothed time-series and derived local maxima and minima (Tan et al. 2011). The third order
derivative has been demonstrated by Tan et al. as better indicator for identifying SOS and EOS
than the second order; the former representing the timing when the change of green-up rate or
brown-down rate is the greatest, rather than the timing when the majority of vegetation within a
pixel is turning green. For SOS and EOS, we matched the local maxima and local minima
respectively, with the SOS and EOS dates derived using different thresholds in TIMESAT. We
did not analyze derivatives for POS date estimations, as POS is a function of the maximum value
encountered in the middle of the growing season; and it does not depend on the thresholds
chosen for SOS and EOS. Once we matched SOS and EOS dates derived from derivative
analysis against TIMESAT thresholds, we estimated the error between the observations using

RMSE, and also analyzed residual plots for any specific trends.

We selected TIMESAT SOS and EOS thresholds that illustrated the greatest agreement with the
dates derived from derivative analysis to match with dates derived from PhenoCam digital
images. The PhenoCam tower is located near the northwest corner of the MODIS pixel, and the
IFOV of the camera is pointed towards the northeast direction. The IFOV of the PhenoCam,
hence, covers salt marsh extent of approximately two MODIS pixels. Therefore, we matched
PhenoCam derived phenological dates with the average of the SOS, EOS and POS dates derived

for the two pixels, using the best thresholds in TIMESAT. We estimated RMSE and examined
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residual plots in order to detect any observable bias in the dates derived using TIMESAT
thresholds in comparison to the PhenoCam dates. Thereafter, we extracted statistics for
seasonality parameters and also generated their time-series composites for trend analysis, using

the appropriate thresholds in TIMESAT.

c. Trend Analysis

We extracted seasonality parameters, such as base value, max value, amplitude and small
seasonal integral that are major indicators of seasonal photosynthesis and biomass production,
for all the salt marsh pixels covering coastal GA for sixteen year period. At first, we examined

the overall trend in these seasonality parameters using simple linear regression. We examined the
slope of the fitted trendline to determine any positive and negative trends over the sixteen year
time period based on the positive or negative value of the slope magnitude. After that, in order to
highlight the marsh areas showing improvement (positive change) and degradation (negative
change) in the aforementioned seasonality parameters, we employed the Mann Kendall (MK)
trend test (Kendall, 1970) using time-series composites of these seasonality parameters from

2000 — 2015, using R (R Core Tednttp://www.R-project.orgl We conducted the MK trend

test separately for every pixel of the GA salt marsh habitat using time-series composites of
aforementioned seasonality parameters. These parameters are crucial indicators of seasonal
productivity. We classified changes based on the z-score distribution at 95% confidence interval.
A positive or negative value of z represents an upward or downward trend, respectively. Changes
below the lower critical limit (z < -1.96) were classified as strong negative change, while above
higher critical limit (z > 1.96) were classified as strong positive change. Changes within the 95%
confidence interval were classified as weak negative or weak positive depending on negative or

positive values of z.
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Results and Discussion:

a. GBM validation:

The %NRMSE between GBM values derived using the MODIS based model and the averaged
in-situ observation was observed to be 24.97%, slightly higher than the inherent error in the
model (17.34%). The increase in the error magnitudes might be attributed to the local
geomorphological and environmental conditions, such as degree of fragmentation of the salt
marsh habitats, and the range of local tidal fluctuations. GA salt marshes are inundated by the
semi-diurnal Atlantic tides in comparison to diurnal tides, as observed in the coastal GoM.
Further, GA tides average approximately 6.5ft, but exceed 10ft during the highest spring tides, as

compared to 3ft in northern GoM (NOAA Tides and Currents, https://tidesandcurrents.npaa.gov

In addition, since the in-situ observations of GBM were derived using the allometric relationship
between plant height and GBM unlike the northern GoM model which used destructive sampling
data, some level of error might have propagated from the conversion relationship. However, the
residual analysis did not show any significant bias in GBM prediction by the MODIS GBM

model for GA.

b. Derivative Analysis and PhenoCam validation:

For SOS (Figure 5.2), the 5% threshold seemed to agree the most with the derivative analysis for
AG smoothing function, with the lowest RMSE. Higher thresholds showed greater RMSE. The
AG method showed an error of ~22 days for the 5% threshold. The residual plots for SOS
showed no specific trends for the 5% threshold (Figure 5.3a). Higher thresholds predicted late
SOS dates when compared to the derivative derived dates (Figure 5.3a-d). For EOS, the 20%

threshold showed the highest agreement with the derivative derived EOS dates (Figure 5.3h). We
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observed an error of ~29 days (Figure 5.2), with no significant bias observed in the residual
plots. Error levels progressively increased with lower thresholds; the residual plots demonstrated
late EOS predictions with progressive decreasing thresholds compared to the derivative derived
EOS dates (Figure 5.4e-g). Although asymmetric thresholds may not be uncommon for AG
distribution due to its inherent skewness, seasonality parameters are usually derived using

symmetric thresholds.

When we matched the SOS and EOS dates derived using derivative analysis and TIMESAT
thresholds with the in-situ observed SOS and EOS dates derived from PhenoCam, we observed
that the 5% threshold in TIMESAT seemed to agree with the PhenoCam derived SOS dates
(Figure 5.4). For the 5% threshold, the RMSE observed was ~27 days. The residual plots for
SOS showed no specific trends for the 5% threshold. For EOS, the 20% threshold showed good
agreement with the PhenoCam derived EOS dates with the observed RMSE being ~29 days
(Figure 5.4). The magnitude of error may be due to the differences in the IFOV of the camera
and the MODIS sensor, the viewing angle, pixel heterogeneity, local geomorphology or the
influence of tidal signal on MODIS 8 day surface reflectance images that could not be accounted
for in TIMESAT. Further, our observations may have been influenced by the differences in the
temporal resolution of MODIS images and PhenoCam. Since we are utilizing the MODIS 8-day
surface reflectance products, which provide us with pre-calculated average reflectance over 8-
day time period, it is not possible to determine the level of daily MODIS scene contribution to
the 8-day surface reflectance imagery; on the other hand PhenoCam images used in this study
were acquired at an interval of 30 mins. In addition, the error magnitudes may have been
influenced by the inherent bias in the GBM model as well as the allometric relationship used to

derive biomass from plant height. However, our observations were similar to those observed by
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Ghosh and Mishra (in review), for the salt marsh habitats of Louisiana, where SOS and EOS
dates derived using derivative analysis showed the highest agreement with 5% and 20%
thresholds respectively. POS dates matched best between AG and PhenoCam, with AG
smoothing function predicting late POS with a margin of error of 12 days. Based on our
observations, we analyzed the seasonality parameters using the best thresholds (5% for SOS and

20% for SOS).

c. Trend Analysis:

Simple linear trends in salt marsh seasonality parameters (Table 5.1) GBM base values, GBM
max values, seasonal GBM amplitude and small GBM integral are shown in Figure 5.5. Overall,
during the sixteen year study period, GBM base values showed positive trends during the sixteen
year time period (Figure 5.5a), while the rest of the seasonality parameters showed negative
trends (Figure 5.5b-d). The positive trend observed in the base GBM values is an indicator of the
cumulative storage of carbon over time as aboveground biomass. However, negative trends
observed in the max values, and subsequently the seasonal amplitude and integral indicate long-
term stress induced in the salt marsh vegetation, resulting in reduced photosynthesis and
aboveground biomass accumulation. We observed severe short-term effects of the periodic
dieback events occurring in the salt marsh habits in the years 2000-02, 2006-07 and 2011-2012,
that affected the seasonal photosynthetic activity of the salt marsh habitats; which is evident in
the relative lower magnitudes of seasonal amplitude, for those time-periods. However, the marsh
habitats recovered from these dieback events when the environmental conditions became normal

and conducive for salt marsh vegetation growth.
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Trend classes for the change in base values, max values, seasonal amplitude and small seasonal
integral for GA salt marshes and are shown in Figure 5.6. We observed positive changes in the
GBM base values in almost 74% area of the salt marsh extent in GA; with strong positive
changes observed in 28.5% of the area. On the other hand, the max values did not show as much
positive change as the base values; rather, the extent of marsh areas with negative changes was
much higher than those with positive change. We observed strong positive changes in only 2.7%
of the total salt marsh extent; while strong negative changes were observed in almost 10% area.
Therefore, we observed mostly negative changes in the seasonal amplitude and small seasonal
integral. 76% of the salt marsh habitat showed negative changes in seasonal amplitude (14.89%
area showing strong negative change) while 69.5% showed negative changes in small seasonal
integral (14.8% area showing strong negative change). Overall, we observed good match in the
areas showing strong positive change in base value, and strong negative changes in seasonal

amplitude and small seasonal integral (Figure 5.7).

A progressive increase in base GBM value was observed in most of the salt marsh habitat
indicating that considerable amount of carbon has been accumulated over time and stored as
aboveground biomass in the salt marsh habitat. However, no similar progressive increase was not
observed in the maximum GBM values; rather, it showed progressive decline in most of the
marsh areas, thus explaining the strong negative changes in seasonal amplitude and small
seasonal integral. This indicates progressive decline in the levels of photosynthesis over the
sixteen year time period. Variations in the levels of photosynthesis are generally attributed to
variations in the levels of temperature and precipitation, as these environmental factors influence
the photoperiod and salinity of the salt marsh ecosystem (Song et al, 2013; Riddin and Adams,

2010). However, the temperature and the precipitation anomalies for GA did not show any
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particular trend during the sixteen year time p(iBigure 5.8a-b). The salt marsh habitats of
these regions have experienced strong periodigtitazonditions (Figure 5.8c) that have caused
massive marsh dieback. However, salt marshes heae bnown to be resilient ecosystem,
capable of recovering from short term environmestiass if environmental conditions become
normal again; botlspartinaandJuncusare resilient enough to recover from dieback with

improvement in environmental conditions (McFarl®i2).

The major driver of marsh GBM decline may have hieereasing levels of COn the
atmosphere, as well as sea level rise. AtmospkEdicdevels rose from 369ppm — 404ppm

during the period 2000 — 2015 (NOAA ESRittps://www.esrl.noaa.gov/gmd/ccgg/trends/

while sea-levels have been observed to rise daeaf8 — 6 mm/year in coastal GA (NOAA

Tides and Current§itps://www.tidesandcurrents.noaa.gov/sltrendsistts.htm). Increased

CQO; levels in the atmosphere, along with steady seal-lese have been observed to reduce the
rate of both above and below ground biomass acatioalin G plants, through reduction in
stomatal conductance (Leakey, 2009), rate of plyatbssis and water usage (Ainsworth and
Long 2005; Erickson et al, 2007; White et al. 2012)e salt marsh habitat in GA is mostly
dominated by the smooth cord-graSgdrtina alterniflord and salt meadow cord-grass
(Spartina patens both of which @ species. Therefore, this observed reduction inete of
photosynthesis and biomass allocation is not déntineexpected. However, if the progressive
decline in the rates of photosynthesis and bioralgsation continues, the salt marsh ecosystem
might not be able to sequester any more atmospbariion; rather, with periodic natural
disasters such as hurricanes, diebacks or anyogatpenic disasters, marsh loss will turn the
ecosystem to carbon sources (Delaune and Whit@)28lich an event might assist not only

facilitate spread of invasive species, sucRlasagmiteHoward et al. 2008), but may also
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assist succession of salt marsh habitats by mangroves, especially with rising global temperatures
and sea-levels (Saintilan et al. 2014; Krauss et al. 2011). Either of the two scenarios will, in turn,
have far reaching ecological implications (Minchinton and Bertness, 2003; Silliman and

Bertness, 2004; Chambers et al. 2003; Pennings and Silliman, 2005; Windham and Ehrenfield,
2003; Howe et al. 2009; Bianchi et al. 2013; Hopkinson et al. 2012). Although we do not claim
that such an event is already underway in Georgia; however, our findings indicate that there is a

risk of such cascading effects in future.

Conclusion

The study provides a comprehensive analysis of the phenological trends of the salt marsh
habitats of GA, showcasing the efficiency of the MODIS derived time-series composites of salt
marsh GBM. We have utilized the MATLAB based program TIMESAT to generate noise-free
phenology from the GBM time-series composites after determining the SOS and EOS thresholds
using derivative analysis. We justified our selection of the best SOS/EOS thresholds after
matching the SOS and EOS dates derived using TIMESAT thresholds and derivative analysis.
We further justified the thresholds by matching them with in-@gservations of SOS and EOS

using PhenoCam. Finally, the trend analysis demonstrated the reduction in the rates of maximum
GBM values, seasonal amplitude and small seasonal integral, and increment in the levels of
GBM base value, indicating the progressive reduction in the levels of photosynthesis and
biomass accumulation in the salt marsh habitat, that might be attributed as a combination of

environmental effects such as stress induced by rising atmospherieve3, and sea-level rise.

Further, the trend analysis results have been able to capture areas that are demonstrating

significant stress in terms of reduced photosynthetic activity and require immediate restoration
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and conservation efforts. The results of this study can potentially be compared with GPP trends
as derived from MODIS 500m and 1-km GPP images; however, the MODIS GPP algorithm uses
very generic grassland light use efficiency (LUE) values from Biome properties look-up table to
estimate GPP for salt marshes. The algorithm does not take into account any LUE variability that
might result from tidal effects or any other salt marsh specific conditions. Therefore, conclusions
from GPP trend matching should be drawn carefully. Although trend analysis using MODIS
derived images can provide a valuable insight into the phenological dynamics at the landscape
level, site-specific trend analysis might require similar analysis using site specific records of sea-
level changes, freshwater discharge, nitrogen enrichment and salinity, along with finer resolution
images. With finer resolution images and time-series analysis, it will also be possible to estimate
the marsh habitats lost due to localized dieback events, and the extent of marsh area that needs to

be restored.

Due to coarse pixel footprint of the MODIS sensor, the possibility of encountering mixed pixels
cannot be ruled out in this study; however, this problem persists to some extent even with fine
resolution sensors. In spite of coarse spatial resolution, the advantages MODIS as a fine temporal
resolution sensor (daily images combined to generate the 8 day surface reflectance product)
cannot be overlooked, especially in terms of analyzing long-term phenological trends of critical
ecosystems such as salt marshes, as compared to other fine spatial resolution satellites. Finer
spatial resolution sensors often present the problem of cloud cover that render images completely
unusable for analysis, resulting in frequent data gaps; a problem particularly evident in coastal
ecosystems, where cloud presence in images from fine resolution sensors are very common
especially during the peak growing. Further, their spatial coverages are inadequate when

compared to MODIS, especially for analyzing regional phenology trends; combining scenes
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from multiple days to study phenology trends at broader landscape, creates biases in the analysis
itself. Therefore, MODIS is clearly a robust sensor for studying long-term phenological trends of

ecosystems at a broader regional scale.

This is for the first time that such a comprehensive analysis of the phenology of salt marsh
habitat in the Atlantic sea-board has been studied in terms of the seasonality parameters. Using
the suggested methods in this study, monitoring of salt marsh habitats in GA and elsewhere with
similar environmental settings will be feasible. Through continuous monitoring of the ecosystem,
both at the landscape and site-specific scale, it will be possible to ascertain whether salt marshes
will continue to be a major carbon sink in the environment, or changes in the environment will
force it to become a carbon source or at the best carbon neutral. As mentioned before, salt
marshes are dynamic and critical ecosystems in terms of carbon sequestration. Therefore,
continuous monitoring of these critical ecosystems is crucial for effective restoration and

management practices and formulation of global change policies.
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Table 5.1. Seasonality Parameters estimated by TIMESAT

Seasonality

Parameters Description/ Phenological Interpretation Unit
Start of Season Time at the beginning of growing season, when GBM Julian
. : . Days from
(SOS) begins to increase and photosynthesis starts Jan 1
End of Season Time at the end of growing season, when GBM ends to D Julian
i ays from
(EOS) decrease and photosynthesis stops completely Jan 1
Computed as the mean of the time-period for which the  Julian
Peak of Season db q L h ¢
(POS) green-up process stops and brown-down starts; time whebays from

the GBM and photosynthesis reaches its maximum level Jan 1

Length of

Season (LOS) Time from start to end of growing season Days

Mean of the minimum GBM values at the start (initial

Base Value =y and end (final GBM) of growing season

GBM unit

Maximum GBM value for the fitted function during the
Max Value  growing season/ GBM value during the peak of the growit@BM unit
season

Difference between base and max value; Maximum incre?;sglvI unit

Amplitude in canopy photosynthetic activity above the baseline

GBM

Rate of Green-up; rate of increase of GBM value from the unit/ 8

Left Derivative beginning till the peak of growing season

days

: _ GBM
Right Rate of Brown-down; rate of decrease of GBM value from

I . unit/ 8

Derivative  the peak to the end of the growing season days

Integral of the function describing the season from start to
end of season, above the base level; indicator of net candpBM unit
photosynthetic rate across the entire growing season

Small Seasonal
Integral

Integral of the function describing the season from start to
end of season; indicator of gross canopy photosynthetic r&BM unit
across the entire growing season along with the base GBM

Large Seasonal
Integral
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Figure 5.1: Salt Marsh extent in coastal Georgia, with location and IFOV of the PhenoCam tower

(PhenoCam IFOV photo credit: Georgia Coastal Ecosystem LTER).
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Figure 5.2: Root mean square error estimates for (a) start of season and (b) end of season dates

between derivative analysis and TIMESAT thresholds for asymmetric Gaussian smoothing

functions.
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Figure 5.3: Residual plots matching Julian dates derived from derivative analysis (x-axis) and
TIMESAT thresholds (y-axis) for start of season (a-d) and end of season (e-h) from randomly

selected 400 pixels.

Phenocam Dates vs TIMESAT

o
o -
=
> o
0 [ ] | [+]
2 a
w
5
a 8|
E N
m
[ )
2 o
5 8-
=
& T @ EOS
& POs
(=T + 505
I I T I I
1] 100 200 300 400

TIMESAT Dates (DOY)

Figure 5.4: Residual plots matching phenological dates derived using the best TIMESAT

thresholds (x-axis) and PhenoCam observed dates (y-axis).
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Figure 5.5: Linear trends in the seasonality patarseluring the sixteen year time period (2000
—2015): (a) Base GBM value, (b) Max GBM value,geasonal amplitude and (d) small
seasonal integral. Dotted line represents lineardr Highlighted years in (c) and (d) indicate
severe short term effects of dieback events andicane landfalls on seasonal amplitude and

small seasonal integral.
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Figure 5.6: Percentage area coverage with different trends for (a) GBM base value, (b) GBM

max value, (c¢) GBM amplitude and (d) GBM small seasonal integral for salt marshes in Georgia.
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Figure 5.7: Spatial distribution of the areas showing different trends for (a) GBM base value, (b)
GBM max value, (c) GBM amplitude and (d) GBM small seasonal integral for salt marshes in
Georgia.
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CHAPTER 6

DEVELOPING A MODIS BASED BIOPHYSICAL MODEL TO ESTIMATE AND
ANALYZE LONG-TERM VARIATIONS IN GPP OF A SALT MARSH HABITAT IN

NORTHERN GULF OF MEXICO

'Ghosh, S., Cotten, D., and Mishra, D. R. Long-term trends in phenology of salt marsh

ecosystem in Georgia using MODIS, to be submitted to Biogeosciences
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Abstract:

We developed a protocol for mapping Gross Primaogléctivity (GPP) for salt marshes using
in-situ estimates of GPP from the eddy covariance fl@ tower measurements and MODIS 8-
day 500m surface reflectance derived Green Biorf@aB#/1) composites. Eddy Covariance flux
tower was set in a salt marsh habitat within Giaagl National Estuarine Research Reserve
(GBNERR), in coastal Mississippi. Flux readings @vacquired for two successive growing
seasons (2015 — 2016). GPP was estimated fronfuth&ofvers and interpolated at 8 day
intervals to match with MODIS derived GBM time-g=i GPP was calibrated with both raw
time-series GBM values derived from the MODIS cosifes as well as smoothed time-series
GBM data values from 2015. Post calibration, thd>@Rodel was validated using data and
MODIS images acquired in 2016. Performance of tidevidual models was evaluated using
combination of statistical parameters, such asfficient of determination (B, percent
normalized root mean square error (%NRMSE), anduabkanalysis. Strong relationship was
observed between smoothed GBM values and GPP (@5, Ovhile the relationship between the
raw GBM values and GPP was insignificant (p > 0.86NRMSE was comparable; therefore
GPP time-series products were generated usingddtistigal relationship established between
smoothed GBM and GPP. The time-series GPP compasite the phenology derived from the
composites were able to capture both intra-seas@miability of GPP of the GBNERR salt
marshes. They were also able to capture the ietesemal variability of GPP caused due to
environmental events such as drought events oicane landfall. The study highlights the
efficiency of MODIS images as well as GPP modelsapping GPP for salt marsh habitats.
This is the first study attempting to develop meder mapping GPP for salt marsh habitats in

the Gulf Coast, using MODIS images. The study hagbtential to improve our understanding
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long-term carbon sequestration potential of salt marsh habitats within the Gulf Coast, and similar
salt marsh settings. These techniques could also be used to assess the success of previous and
ongoing salt marsh restoration projects, and evaluate the long-term productivity trends of salt

marshes under threat from natural and anthropogenic disasters.

Keywords: Salt Marsh; MODIS; Gross Primary Productivity; Eddy Covariance; EQx;

TIMESAT
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Introduction

The potential of salt marshes as significant caioks is well recognized (Connor et al. 2001;
Chmura et al. 2003; McLeod et al. 2011). Ratesadb@n dioxide sequestration in salt marshes
have been reported to be higher than that of telakforests, but uncertainties exist in the globa
area of salt marsh and the rates of carbon dicsedeestration throughout each marsh (McLeod
et al. 2011). The carbon burial rates reportedial salt marshes range from 18 to 1713 g€ m
yr'’: and considering the global extent of salt mardfeeseen 22,000 to 400,000 krthese
habitats could be storing 4.8 - 87.2 Tg C {¥cleod et al. 2011). Furthermore, salt marshes ca
store carbon for millennia (Macreadie et al. 2018¢; carbon stock often termed as ‘blue
carbon’ (Nelleman and Corcoran, 2009). Howeverpiesheir value as carbon sinks, salt marsh
habitats have experienced significant global radadt-25% since the 1800s; Bridgham et al.
2006; Duarte et al. 2008), mostly due to develogaieattivities, conversion of marsh habitats
to agriculture, sea-level rise and environmentabinds (Coverdale et al. 2013; Kennish, 2001;
Mishra et al. 2012). Due to such natural and ampibgenic drivers, the environment is gradually
losing a crucial carbon sink; significant amourtsarbon is being released in the form of
carbon dioxide (Cg) to the atmosphere due to disturbances, whictyrim is accelerating

global warming (Macreadie et al. 2013). In ordeptotect such invaluable resources,
implementation of effective conservation and restion of such habitats is crucial (Friess et al.

2012; Hinkle and Mitsch, 2005).

Long-term monitoring of biophysical properties aftanarsh habitats helps to understand
current and future trends in both physiologicalltieand productive status of marsh habitat
(Ghosh et al. 2016; O’'Donnell and Schalles, 20G8pss Primary Productivity (GPP), defined
as the total amount of energy produced by vegetatsobiomass and a key component of
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ecosystem carbon fluxes, is one of the most impblmphysical characteristics and a key
indicator of vegetation productivity and carbonwsesjration capacity (Monteith 1972: Beer et
al. 2010). GPP can be calculated as the sum otatge assimilated carbon flux, partitioned
from net carbon exchange measured at eddy covar({&tc) tower sites (Baldocchi et al. 2001;
Reichstein et al. 2007); although such observatoadimited both temporally and spatially.
Furthermore, the EC towers only provide integr&€d flux measurements over the tower
footprint ranging from a hundred meters to sevkitameters at the ecosystem level (Gockede et
al. 2008; Osmond et al. 2004). Satellite remoteisgncan provide consistent observation of
vegetation over large areas, and has been reporteglwidely used for characterization of
canopy structure and GPP estimation that can owexdbe lack of extensive EC flux tower
measurements (Running et al. 2000; Wu et al. 2044jous diagnostic models taking
advantage of spatially extensive remote sensingrvatdorological data have been developed to
estimate GPP across stand-to-global scales fdatwvedy long period (Jung et al.2008; Running
et al. 2004; Sims et al. 2008; Xiao et al. 200845b). These models can be generally
categorized into three categories: light-use-edficy (LUE) models, machine learning

algorithms and canopy photosynthesis models (Veatah 2014).

The LUE theory was first proposed by Monteith (1972 which GPP is generally represented
as the product of LUE, photosynthetically activdiation (PAR), the fraction of PAR absorbed
by vegetation ({ar),and environmental scalarapfr is a strong function of vegetation
greenness, as measured by vegetation indices @usl), as the normalized difference vegetation
index (NDVI; Goward and Huemmrich, 1992) and thhaced vegetation index (EVI; Xiao et
al. 2004a,b). However, this approach is often kahiby the difficulty of measuring LUE, and

coarse resolution of climate data inputs (Xiaole2@05) which introduce significant errors in
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GPP estimation models (Heinsch et al. 2006; Zhao et al. 2005). Machine learning algorithms,
such as artificial neural networks (Papale and Valentini, 2003), support vector machines (Yang et
al. 2007), and model tree ensembles (Jung et al. 2009), predict GPP based on the non-functional
patterns extracted from training data set. Again, the accuracy of machine learning algorithms
relies on the abundance and representativeness of input information including remote sensed
vegetation properties, meteorological, and land cover data (Jung et al. 2011). Consequently,
Canopy Photosynthesis Models (also called Vegetation Photosynthesis Models) have
successfully demonstrated their great potential for scaling-up GPP from flux tower sites to the
regional scale by integrating remote sensing proxies of vegetation health and flux measurements.
These models have gained interest in the past decade among researchers for measuring GPP
(e.g., Li et al. 2007; Xiao et al. 2004a, 2004b; Xiao et al. 2005a, 2005b; Wu et al.2009; Jung et

al. 2008; Rahman et al. 2005; Sims et al. 2006).

Research efforts have focused on estimating GPP for terrestrial and aquatic vegetation using
satellite imageries and flux tower observations such as boreal forest (Goulden et al. 1998;
Baldocchi 2003), peatlands (Lafleur et al. 2005; Wille et al. 2008), grasslands (Ponton et al.

2006), and crops (Baker and Griffis 2005). However, similar methods for studying GPP of salt
marsh ecosystem have been lacking. In the last century, field based harvesting methods proposed
and used for GPP estimation in salt marshes have yielded discrepant results, with estimates of
GPP ranging from 750 — 2600 dityr, depending on the methods adopted and integration of
measurements (Kaswadiji et al. 1990). Effective conservation and restoration of salt marsh
ecosystem requires precise information regarding their actual productivity, especially rising
atmospheric carbon dioxide and sea-levels pose a significant threat to the long-term health and

productivity of these habitats. Gitelson et al. (2006) suggested estimating GPP remotely by
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exploiting the consistent and not species-specific relationship between total crop chlorophyll
(CHL) content and the low frequency variation of GPP. Results showed that the product of total
CHL and PAR explained more than 98% of GPP variation in both irrigated and rain-fed maize
and soybean crops. Therefore, a procedure for remotely assessing GPP of crops and other
vegetation types may be implemented through the estimation of total CHL content. Changes in
CHL content induce large differences in canopy reflectance. Several algorithms and indices have
been proposed for CHL estimation, most notably by Gitelson et al. (2003), ygsiggHRr, and
Rred-edge @and finally estimation of GPP using statistical relationships between CHL and GPP.
Similar relationships can also be established between GPP and other plant biophysical
parameters such as Green Leaf Area Index (GLAI), Vegetation Fraction (VF), and Green

Biomass (GBM).

In this study, we developed a GPP estimation algorithm combining in-situ estimations of GPP
from flux towers and MODIS derived GBM (Ghosh et al. 2016) for the long-term monitoring of

salt marsh habitats at the Grand Bay National Estuarine Research Reserve (GBNERR),
Mississippi. At first, we established a statistical relationship between MODIS derived GBM and
in-situ observations of GPP, after which we generated time-series GPP composites and derived
phenology to study the spatio-temporal trends in GPP of GBNERR salt marshes for a seventeen-
year time period (2000 — 2016). Remote estimation of GPP has not been attempted before for salt
marsh habitats in the Gulf coast. The models and products developed through this study will
potentially improve our understanding long-term carbon sequestration potential of salt marsh

habitats within the Gulf Coast.
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Study Area

The GBNERR, located in southeastern Jackson Colisgissippi spanning over 75 Knis

one of the largest estuarine systems in the dtagerre 6.1). The salt marshes in the southern
part of the refuge are dominated $yartina alterniflora Juncus roemerianysndSpartina
patens These salt marsh plants are distributed over widsie salinity range from brackish to
saline marshes (Mississippi Department of MarinedReces 1998). The estuarine areas are
composed of low, mid, and high marsh zones. Thelaely flooded low marsh area consists of
Spartina alterniflora The irregularly flooded mid-marsh zone is doméaialbyJuncus
roemerianustypically occupying most of the zone in pure gtapor intermixed wittDistichlis
spicatain some area®istichlis spicataoccurs as pure stands or wihirpus robustuand
Scirpus americanud he high marshes are typically dominatedSpartina patenswith
occasional associations wibhstichlis spicataandSalicornia virginicaand shorfluncus
roemerianusOther high marsh inhabitants dienonium carolinianumAgalinis maritima
Fimbristylis caroliniana andBorrichia frutescensScattered across the reserve are small but
distinct, sparsely vegetated zones with pore ses# 30 psu, called salt pans or flats, which are
usually associated with the high marsh, but alsmoalong mid and low-marshes. The
hypersaline areas are typically inhabitedSaicornia virginicaandSalicornia bigelovij with

Batis maritimaandSuaeda linearigound at the fringes.

Mean maximum summer air temperatures vary betwBen3° C (mean of 27.6° C), with
mean monthly precipitation ranging between 10.X72@ cm. July and August are the wettest,
with a mean of 83.8 cm of precipitation. Precipdatin the dry, early fall months is usually
reduced, with a maximum mean total during Octolner ldovember of 30.5 cm and a minimum

of 12.7 cm. Between December and March, mean ptatign ranges from 20.3 —22.9 cm per
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month. The mean temperature in October and Novenabges between 16 — 20° C with winter
(December through February) temperatures rangitwdas 5 — 17° C and a mean of 11° C.
Late summer and early fall is characterized byayicl activities in the Gulf of Mexico.
Hurricane Katrina (2005), by far the most extensiad catastrophic storm ever recorded in the
Gulf, inundated a large portion of the Mississippast, including the entire GBNERR. Storm
surge elevation at Bay St. Louis, Mississippi reacB.2 m above sea level (National Weather

Service, 2006).

Material and Methods

a. Flux tower measurement:

We measured carbon dioxide (g@uxes using the eddy covariance technique dutiegoeriod

of January — December of 2015-2016. An open p&HHGO infrared gas analyzer (model LI-

7500A, https://www.licor.com/env/products/gas_analysisTEBORS) was deployed at a salt
marsh location at GBNERR dominatedJuncus roemarianu@igure 6.1) Photosynthetically
Active Radiation (PAR) was measured using LI-190kQum Sensor (model LI - 190,

https://www.licor.com/env/products/light/quantunmty. Wind velocity and sonic temperature

were measured by a WindMaster Pro 3-D sonic aneteorfreodel: WindMaster Pro,

http://qillinstruments.com/products/anemometer/wiadter.htm#sonicanemomeétarounted

along with the C@H-0 infrared gas analyzer 3.05 m aboveground witmtlegometeorological
measurements recorded at a frequency of 10 Hza¥émge canopy height of the vegetation

near the tower was 1.2 — 1.3m. We assumed the tietod almost 100 times the magnitude of
the flux measurement height. The data were stas&aHG files on a USB memory drive via

analyzer interface unit (model LI-7550, LI-COR Bi@nces, Inc.)
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b. Data processing and Quality control:

Raw data were processed to fluxes with an averaging interval of 30 minutes using the EddyPro

software (Version 6.(Qhttps://www.licor.com/env/products/eddy_covarianddigro.htm).

Since we used the Gill Anemometer, we used the field calibration method from Nakai and
Shimoyama (2012) to correct for the angle of attack. A planar fit method was applied for tilt
correction (Wilczak et al. 2001) and turbulent fluxes were calculated using linear de-trending.
Time lags between the sonic anemometer and the gas analyzer were compensated for by using
the covariance maximization with default method. This method determines the time lag between
the two high frequency sensors by maximizing their covariance within a plausible window, using
the methods described by Fan et al. (1990). To incorporate effects on traces gas measurements
specifically water vapor, the air density fluctuations based on air temperature and pressure

fluctuations were compensated using the WPL method Webb et al. (1980).

Quality assurance was determined by using the methods of Mauder and Foken (2004). This
method consists of a 0-1-2 system that flags time stamps based on the quality of fluxes for that
time period. For this study anything with a 2, poor quality fluxes, was excluded while anything
intermediate, 1, or lower, 0, was used for final analysis. The flux footprint was determined using
a one dimensional estimation described by Kljun et al. (2004). However, the friction velocity cut
off we used ensured we never had fetches outside of the study area. EddyPro 6.0 default
statistical analysis methods were used to get rid of any outlier information. Co-spectra were
filtered according to Vickers and Mahrt (1997). Low frequency spectral correction was used as

well as high frequency corrections using the fully analytic methods of Moncrieff et al. (1997).
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c. Gap-filling and flux partitioning

We created a modeled respiration (R) data set based on the relationship between air temperature

and nighttime efflux (Reichstein et al. 2005). Gaps at night were filled with the modeled

respiration data set. Gaps during the day were filled using modeled daytime net uptake calculated

from a three parameter hyperbolic fit between,@@take and incoming Photosynthetic Photon
Flux Density (PPFD) (Falge et al. 2001). Threshold in friction velociyf¢u nighttime fluxes

was set to 0.2 m/s for the two seasons of data (Papale et al. 2006). After applying the friction
velocity cutoff, removing missing data, and removing poor quality data 57% of the observations
were removed (72% of the nighttime fluxes and 50% of the daytime fluxes). Finally, GPP was
estimated as the difference between Net Ecosystem Exchange (NEE) and Respiration (R) as

follows:

GPP = NEE — R (1)

The GPP data integrated over 30 min interval were further integrated to estimate daily, and
finally averaged over 8 day time period to estimate 8 day average GPP, to match with MODIS

derived 8 day average GBM.

d. MODIS data:

The MODIS Land Science Team provides several data products derived from MODIS
observations to the public, including the 8-day composite Land Surface Reflectance

(MODQ09A1). The MODO09A1 datasets include seven spectral bands at a spatial resolution of

500m corrected for the effects of atmospheric gases, aerosols, and thin cirrus clouds (Vermote et

al. 2011). We generated time-series composites for GBM for the salt marshes of GBNERR, for a

sixteen year period (2000 — 2016) using MODIS 8-day surface reflectance data (500m) and
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biophysical models which are described in Ghosh et al. (2016). The GBM biophysical model, as
described in Ghosh et al. (2016) was developed using MODIS surface reflectance and in-situ
estimates of GBM from 200 study plots across the northern Gulf of Mexico. The model has an
inherent percent normalized root mean square error of 17.34% in GBM estimation. While
generating GBM composites, we utilized MODIS quality assurance bands to retain only the best
quality pixels in the time-series composites (Vermote et al. 2011; Ghosh et al. 2016). However,
tidal correction was not performed, as it is not possible to determine the level of daily MODIS
scene contribution to the 8-day surface reflectance imagery, which would otherwise, had helped
correcting for tidal signals using daily tidal fluctuation data (Ghosh et al. 2016). Since the

MODIS surface reflectance products have a temporal resolution of 8 days, 46 GBM composites
were generated per year for GBNERR; thus, for the seventeen year study period, 782 composites
were generated in total. These images were utilized for derivation of phenology from the flux
tower location. Since we set the cut-off of the footprint of the flux tower to 100m, and the
footprint extended over two pixels, we estimated the average of the GBM phenology from the
two pixels. Once subsets were generated for salt marshes of GBNERR, we derived both raw and
smoothed (using TIMESAT,; discussed in the following section) GBM phenology from the
times-series composites for the tower and adjacent pixels to match with the flux tower derived

GPP (Figure 6.2).

e. Climate data

We compiled temperature, precipitation and Palmer Drought Severity Index (PDSI) (Palmer,
1965) data for the MS Coastal climatic zone from the National Climate Data Centre (NCDC)

(National Climate Data Centrbttps://www.ncdc.noaa.gparchives, to investigate any
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significant temperature, precipitation and PDSlraabes during the sixteen-year period that

might potentially contribute to the variability galt marsh GPP phenological trends.

f.  TIMESAT

In addition to investigating the relationship beéneMODIS derived raw GBM and GPP
observations, we also derived noise-free GBM tigges to match with the flux tower derived
GPP. Therefore, we converted the raw GBM compositd$ bit signed generic binary format
for running the MATLAB based program TIMESAT, torgeate pixel-wise noise-free time-

series of GBM. TIMESAT littp://web.natleko.lu.se/timesat/timesat)gsmvides options to fit

smooth continuous curve to raw time-series datagudsymmetric Gaussian (AG), Double
Logistic (DL) and/or Savitzky Golay (SG) filtersr these methods local model functions are
fitted to data in intervals around maxima and maimthe time-series (Jonsson and Eklundh,

2002, 2004).

For AG smoothing function, the basis function beesm

exp [— (t_xl)xs], ift>x;

X2

exp [— (xl_t)xS], ift<x

X4

(2)

g(t;xq,%2,...,X5) =

For this functiorx; defines the position of the maximum or minimumharigspect to the
independent time variabtex, andxs determine the width and kurtosis of the right time half;

while, x4 andxs determines the same of the left function half.

The AG and the DL filters have been found to pradsimilar results, with the AG filter being
less sensitive to incomplete baseline time-ser@a (Gao et al. 2008). We tested both filters for

generating noise-free time-series and then extigqsttasonality parameters. The SG filter was
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not considered to be ideal for deriving smooth time-series as it is too much susceptible to
localized noise in the raw phenology generated from the time-series images and hence might
provide erroneous estimates of seasonality parameters (Tan et al. 2011). We used the STL
method to remove spikes and outliers in the time-series. The STL method removes outliers by
assigning weights to the values in time-series based on STL decomposition. This method does
not depend on ancillary data, and is global in nature (Cleveland et al. 1990). Further, we also
eliminated any negative or zero values observed in the raw phenology from our analysis. We
specified an adaptive middle envelope (Jonsson and Eklundh, 2002, 2004). We specified and
adaptation strength of 2, as stronger adaptation strength is likely to put too much emphasis on
single high data values leading to erroneous estimates of phenology (Jonsson and Eklundh, 2002,

2004).

Analysis

a. Model calibration and validation:

The main goal of model calibration was to establish relationships between MODIS derived GBM
time series and flux tower based GPP estimates. Model calibration and validation was performed
using 2015 and 2016 flux tower measurements respectively. We performed calibrations using
GPP and both raw and smoothed GBM phenology, using simple linear regression. Since the
footprint of the flux tower extended over two adjacent marsh pixels, both the raw and the
smoothed phenology were averaged for the two pixels for matching with the GPP estimates from
the flux tower. Once a statistical relationship was established between MODIS GBM and GPP,
the models were validated using MODIS GBM and GPP data from 2016. Performance

uncertainties were analyzed based on percent normalized root mean squared error (percent
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NRMSE) (Mishra et al. 2012; Ghosh et al. 2016), and residuals (observed—predicted). Percent

NRMSE is estimated as:

RMSE
percent NRMSE = MAX(Validation Data)—MIN(Validation Data) x 100 (3)

b. Time-series composites and phenology/seasonality characterization

Following successful calibration and validation, 8-day time-series composites of GPP were
generated using TIMESAT and ERDAS Imagine (ERDAS Imagine, Hexagon Geospatial,
Norcross, GA) from 2000 to 2016 using the best GPP model. For an entire year, 46 GPP
composites were obtained; therefore, for the seventeen year study period, a total of 782 GPP
composites were generated. These composites were then used for qualitative assessments of
GBNERR salt marsh condition in response to significant environmental events, such as
hurricanes and droughts over the period of 2000-2014. In addition, phenology charts for
GBNERR were derived from these time-series composites, for the growing seasons over the
course of seventeen years. The phenology charts were matched with the climatic data acquired
from NOAA NCDC archives, to examine the effects of the climatic parameters on both inter and
intra-annual variability in GPP of GBNERR salt marshes. Further, we also investigated the
possible impacts of discrete natural and anthropogenic events, such as tropical storm landfalls
and drought induced dieback events on the short-term and long-term health of GBNERR salt

marsh habitats.
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Results and Discussion
a. Calibration and Validation:

We observed a no significant relationship=10.01; p > 0.05) between raw GBM values and
GPP (Figure 6.3a). On the other hand, the reladtiprsetween smoothed GBM and GPP was
significantly stronger fr= 0.84; p < 0.05) (Figure 6.3b), with %NRMSE vahfe87.59%. One
of the reasons for observation of no significatdatrenship between raw GBM values and GPP
may be due to the footprint of the flux tower extieng over two adjacent MODIS pixels.
Although, MODIS QA/QC data were utilized to miniraithe effect of any atmospheric noise,
localized noise generated beyond the footprinhefflux tower, as well as pixel heterogeneity,
manifested itself in the MODIS surface reflectartb@s weakening the relationship between
GBM and GPP. This limitation was overcome using atihed GBM values using the AG
smoothing function, which minimized the effectslmdse noises, thus increasing the signal to
noise ratio in the MODIS derived GBM. Therefore, satected the linear relationship between
the GPP and smoothed GBM values for generating $sienes GPP composites for the

GBNERR salt marshes.
b. Time-series composites

The time-series map composites that we generatatidseventeen years using the best GPP
model for 500 m data provided relevant qualitaigesessment of the GPP status of the
GBNERR salt marshes (Figure 6.4). The GPP modelabkesto illustrate the effects of the large
scale natural disasters affecting the region. kamgple, monthly GPP composites of 2000
shows GPP levels consistently low throughout theeegrowing season (Figure 6.4a), which

might be due to the effect of the prevailing drauggnditions during the growing season of
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2000. The year 2000 was characterized by severe drought that affected the growth and
productivity of salt marsh habitats at GBNERR; monthly PDSI values of the Mississippi Coastal
Climatic division, for the year 2000 corroborates severe drought conditions with PDSI values
ranging between -2 to -6. It is evident from these examples that the GPP model developed in this
study has been able to capture the effects of the environmental events that have affected the salt

marsh growth and productivity.

In addition, monthly GPP composites from the year 2005 clearly shows the stress induced on the
salt marsh habitats by Hurricane Katrina (Figure 6.4b), Hurricane Katrina hit the Mississippi

Gulf Coast as a Category 3 storm on August 29 at the Mississippi/Louisiana border, with an
estimated wind speed of 190 km/h (118 mph), that generated storm surges of almost 8m above
sea level, as measured in Grand Isle, Mississippi (National Weather Service;

http://www.weather.goy/ and caused massive destruction to the salt maralith most of the

marsh habitats being converted to open water (Evans et al. 2012). As evident from the GPP time-
series composites of 2005, GPP was clearly reduced in the month of September. The effect of the
landfall of the hurricane and the associated storm surge actually caused an early end of the
growing season of salt marsh habitats of GBNERR. Salt marshes of the Gulf coast usually attain
peak growth and photosynthetic activity between July-September, before entering the period of
senescence from October till the beginning of the subsequent growing season. An example

would be the GPP composited of GBNERR from the year 2009 (Figure 6.4c).

The results demonstrated the utility of such high frequency GPP time-series composites, not only
in terms of identifying the extent and magnitude of physical damage to marsh patches after
environmental disasters, but also aiding restoration and conservation activities. The high
temporal resolution of the MODIS products allows for frequent monitoring, leading to rapid
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initiation of restoration efforts after disturbances and targeted monitoring of the restored habitats.
Further, these time-series composited can be utilized from long-term GPP phenological trend
analysis to analyze long-term carbon sequestration potential of the marsh habitats and identifying

potential sources and sinks within marsh habitats.
c. Phenology Charts

In addition, phenological charts derived from the time-series composites illustrate the trends in

the biophysical values quantitatively. The GPP model enabled us to develop seventeen years of
high frequency GPP phenology for the GBNERR salt marshes (Figure 6.5). The GPP levels as
predicted by the GPP model developed in this study range between ~0.Zkb&nthe

beginning of the growing season to ~1.1 kg&nT at the peak of the growing season. Although,

salt marsh GPP using a biophysical approach has not been attempted before, the predicted values

are within the range of GPP values observed by Kaswadji et al. (1990).

A closer investigation of GPP phenology from specific years such as 2000, 2006, and 2011
reveals reduced GPP levels in the peak of the growing season, with median GPP levels of the
peak growing season months (median of GPP for July, August and September) below the
seventeen year median values (median of GPP of July — September for 2000 — 2016) (Figure

6.6a — c). Compared to these, 2009 was a better growing season (Figure 6.6d), when median GPP
levels during the peak of the growing season were above the seventeen year median level. Since
temperature during the peak of the growing season remained almost similar during these years,
the reduced GPP levels during 2000, 2006 and 2011, can probably be attributed to the drought
conditions; PDSI values during the growing seasons of these years indicate severe drought (PDSI

< -2) (Figure 6.6e — g), compared to 2009 (PDSI > -2) (Figure 6.6h). The reduction in GPP in
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2006 may also have been enhanced by the damage caused by the storm surges during the landfall
of Hurricane Katrina, at peak of the 2005 growing season. The dominant species in salt marsh
ecosystem respond differently to drought conditions; while massive dieback has been frequently
reported in Spartina during drought conditions, Juncus has been found to be more tolerant

(McKee et al. 2004, Alber et al. 2008). Since the MODIS based biophysical model for mapping
GBM and GPP is species invariant, and species signals get diluted at the spatial resolution of
MODIS (Ghosh et al. 2016), it is difficult to separate the responses of the two species from the

GPP phenology.

The GPP for the 2005 growing season reveals the stress induced by the storm surge generated
due to the landfall of Hurricane Katrina (Figure 6.7a-b). The stress induced by the storm surge is
evident from the sudden reduction in the levels of GPP in the month of September. Salt marshes
usually achieve their peak productive levels between the months of July — September, following
which they enter the period of senescence from the month of October. The landfall of the
Hurricane actually brought an advanced end to the season in 2005. The extent of stress is also
visible from the comparison of the time-series composites pre and post-landfall of Hurricane

Katrina.

In addition to environmental events captured through the GPP phenology analysis, other
fluctuations were also seen in the seasonal trends of the GPP values; these may have been a
result of natural variability, localized disturbances, or model uncertainty. It cannot be denied that
such phenological analysis not only provide both qualitative and quantitative estimates of site
specific salt marsh productivity along with their seasonal variability, but also helps analyzing
long-term trend of the salt marsh health. Currently, MODIS is the only operational sensor that

provides atmospherically corrected fine temporal cloud free products which are necessary for
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high frequency regional phenological analysis. Splodnological trends can also be analyzed in
conjunction with long-term environmental data, sastemperature, rising atmospheric carbon
dioxide and sea level rise, to assess and preslipbnse of salt marshes towards environmental
changes. The GPP mapping methodology developedghrthis study can be used for
identifying salt marsh habitats that require imnaéelirestoration and conservation. The GPP
time-series composites can be utilized for furdtatistical trend analysis that can not only
identify marsh areas displaying progressive stiassalso help determine whether salt marsh
habitats are likely to become potential sourcesirdes with changes in environmental
conditions. Salt marsh productivity is likely to geeatly affected by rising atmospheric £&nd
sea-levels rise (McLeod et al. 2011; White et @lL2, Erickson et al. 2007). Therefore high
frequency periodic monitoring of salt marsh produtt, both at site-specific and at landscape
level is necessary for both identification of salirsh habitats under physiological stress as well

as prioritization of restoration and conservatitforés.

Conclusions

This study provides novel methods for mapping satsh GPP using fine temporal resolution
MODIS image based biophysical models. For the finsé statistical relationship has been
established between salt marsh GPP by combining i@erived GBM composites aimatsitu
observations of GPP estimated from £&ddy covariance flux data. This kind of salt marsh
study has not been previously attempted becautbee afiherent difficulty in collecting and
analyzing ground data from such a complex ecosydtegid based harvesting methods had been
attempted to estimate salt marsh GPP in the lastice(Kaswadji et al. 1990), however, such
methods are time and labor intensive. The MODI&tasodel developed in this study has been

able to map GPP, although optimization of the modeig additional data for calibration and
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validation may be necessary, prior to expanding the model for GPP estimation at a broader
landscape level. Optimization of the GPP model may even improve its performance by reducing
its predictive error levels. is a crucial indicator of carbon sequestration potential, and long-term
trend analysis is crucial for detecting whether these ecosystems are likely to function as sinks or
sources of carbon in the environment in future. This is particularly important because these
productive coastal ecosystems in the Gulf and elsewhere are vulnerable to climate change

induced sea level rise, rising atmospheric,@ad perpetual developmental pressures.

Although MODIS can be an excellent choice for broader landscape level GPP mapping, certain
site specific studies may require information at a much finer resolution. The MODIS based GPP
model described in this study is inherently species invariant. However, at the site-specific level,
mapping GPP using species specific models might be a better option than species invariant
models. In addition, finer resolution images might yield more accurate estimates of the spatio-
temporal variation of GPP at the site-specific level. In addition, since both the GPP and MODIS
8-day images are vulnerable to tidal effect, the GPP model described here might have been
affected by the tidal conditions. Therefore, developing methods and techniques to account for the

error induced by the tidal effect on the GPP model is the next target.

The high temporal resolution of MODIS 8-day surface reflectance products, coupled with the
moderate spatial resolution, has immense potential in studying and monitoring both long and
short-term salt marsh productive status. The time-series maps and phenological charts derived
from MODIS imagery provide the tools necessary for effective conservation and restoration of
these vulnerable ecosystems. These products can be used in conjunction with different
hydrological, climatological, and land-use parameters to assess the influence of different

environmental factors on salt marsh health and productivity. Coastal resource managers and
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policy makers in the Gulf and elsewhere can utilize these large-scale map composites to identify
marsh areas that should be prioritized for restoration activities. Further, through continuous
monitoring of the inter and intra-annual variations in salt marsh GPP, both at the landscape and
site-specific scale, it will be possible to ascertain whether salt marshes will continue to be a

major carbon sink in the environment, or environmental changes will force it to become a carbon
source or at the best carbon neutral. Even if salt marshes become carbon neutral, periodic natural
hazards might destroy salt marsh habitats, thus releasing carbon into the atmosphere, further
enhancing global warming. Salt marshes are dynamic and critical ecosystems in terms of carbon
sequestration; continuous monitoring of these critical ecosystems is therefore, crucial for

effective restoration and management practices and formulation of global change policies.
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Figure 6.1: Map showing study area of Grand Bay National Estuarine Research Reserve

(GBNERR), with the Eddy Covariance flux tower location.
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Figure 6.2: GPP measured from Eddy Covariance flux tower (blue line), along with MODIS

derived raw GBM (orange line) and TIMESAT derived smoothed GBM (green line).
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Figure 6.3: Linear relationship between GPP anda@)GBM values and (b) smoothed GBM

values. The red and the blue lines represent 95%idemce and prediction interval.
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Figure 6.4: Sample time-series GPP composites from the growing season of (a) 2000, (b) 2005 and (c) 2009. The highlighted

composites of 2005 show the effect of the storm surge generated by Hurricane Katrina on the GBNERR salt marshes.
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Figure 6.5: Boxplots (green) showing GPP phenology generated for GBNERR salt marsh for the seventeen year time period (2000 —

2016)
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CHAPTER 7

CONCLUSIONS

Salt marshes are one of the extremely valuable components of the coastal landscape due to their
critical ecosystem services; however, these habitats are extremely vulnerable to global
environmental change. For effective conservation and restoration of these critically threatened
habitats, continuous monitoring of their biophysical properties is necessary. Biophysical
properties such as GLAI, VF, CHLGBM and GPP are primary indicators of the physiological

and productive health of any vegetation including salt marsh vegetation. Monitoring of these
properties using remote sensing not only helps in assessing the overall dynamics of salt marshes
but also facilitates prioritization of restoration efforts to areas that require immediate attention
and allows conservation planning at a much broader spatial scale. Unfortunately remote
monitoring of salt marsh biophysical properties using remote sensing has been rarely attempted.
This study attempted to develop mapping protocols for salt marsh biophysical properties using
remote sensing methods, and studied the long-term spatio-temporal trends of the biophysical

properties for the salt marshes in south-east United States.

The first study presented the first quantitative assessment on the ecological impact of the BP oil-
spill and the subsequent clean-up efforts on the salt marsh habitats along the southeastern
Louisiana (LA) coast, using combination of Landsat images asdurestimations of CHl. and

GBM. We observed significant post-spill increase in areas with reduced biomass and canopy

chlorophyll (>400 krf) during the 2010 growing season compared to 50—65dkming the 2009
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growing season. Phenological analysis of the post oil-spill data revealed a significant decrease in
the magnitude of CHJ, and GBM during the peak of the 2010 growing season. June was
consistently found to be the worst month in terms of salt marsh health across LA over the 2010
phenological cycle followed by the initial signs of recovery along the fringing marsh areas
proximal to the shoreline that were first impacted by oil. Interior marsh patches exhibited
persistent signs of stress towards the end of the growing season. The study highlighted the
potential of the scientific approach and the products generated in successfully delineating the
critical hotspots of marsh stress which is crucial for prioritization of areas needing immediate
restoration efforts. The time-series products can be used in conjunction with biogeochemical data
to analyze the changes in one of the most important wetland functions i.e. carbon sequestration
reduction related to the oil spill effects. Further the study also provided the encouragement to

expand the approach to study salt marshes at a broader landscape scale.

The second study developed a novel methodological approach for mapping biophysical health of
coastal tidal wetland habitats in terms of GLAI, GH/F, and GBM. We measured these

biophysical characteristics in salt marshes of the northern Gulf of Mexico using similar approach
of combining remotely sensed images (MODIS for this study) and iresiitinates of these

biophysical properties, from growing seasons of 2010 and 2011. We found MODIS-based

models performing better than proximal sensing based methods at the landscape level; as species
level signals seemed to get diluted at coarser spatial scales. In addition, visible wavelength based
vegetation indices performed better than near infra-red (NIR) based indices, as background
moisture made NIR based indices insensitive to marsh biophysical properties at coarser spatial
resolution. The study once again substantiated the methods and time-series products in studying

salt marsh biophysical properties. Time-series composites and phenological information derived
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using the MODIS based models were able to capture the impact of the selected disturbances on

the physiology of the salt marsh habitats in the Gulf Coast. This is the first study to employ

MODIS data to analyze the biophysical characteristics of salt marshes in the Gulf Coast, which,

in turn, has the potential to improve our ability to predict their productivity and carbon

sequestration potential. These techniques could also be used to assess the success of previous and
ongoing tidal wetland restoration projects, and evaluate the productivity of marshes under threat

from developmental activity, sea level rise, and industrial pollution.

The biophysical properties analyzed in this are different between species of marsh vegetation due
to their differences in foliar and canopy structures, distribution, and habitat preference, and
inherent physiology. Species-dependent marsh biophysical models are generally more accurate
and can be implemented only when marshes in the study area can be classified into individual
plant communities. Classification of the marsh habitats into homogenous species communities
using MODIS is particularly difficult because of mixed pixel issues. Further, unavoidable
classification errors can be introduced during mapping species composition prior to application
of these biophysical models, which in turn have built-in uncertainties, which magnifies the error
of the final output. Therefore, using species-independent biophysical models (not influenced by
species diversity), is the best option to generate high frequency time-series composites.
Moreover, our analysis and results clearly demonstrate the deterioration of the species level
signal variation at the coarse spatial resolution of MODIS, which makes it suitable for broad

scale regional mapping.

Although MODIS can be an excellent choice for broader landscape level biophysical mapping,
finer resolution images such as Landsat may be more effective for site-specific studies of marsh

biophysical parameters, which can capture species level signals. Mapping biophysical parameters
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using species specific models might be a better option than species invariant models if species
classification map is available for a study site. Further, in order to implement these biophysical
models using MODIS for a particular tidal wetland habitat the extent of the habitat has to be
completely covered by at least 8—10 pixels of MODIS 250 m or 500 m, which may be impossible
in highly fragmented habitats. In essence, selection of the appropriate sensor for biophysical
mapping should depend not only on the research questions and scale, but also on the nature of

the marsh habitat.

The third study examines the phenology of salt marsh ecosystem across coastal Louisiana (LA)
for a sixteen-year time-period (2000-2015), using MODIS 500m images, along with a pre-
developed biophysical model to generate time-series composites of above-ground green biomass
(GBM). We selected the best thresholds for SOS (5% of amplitude) and EOS (20% of

amplitude), along with the best smoothing function (Asymmetric Gaussian) for deriving
seasonality parameters. We analyzed the seasonality in the SOS and EOS dates over the sixteen
year time period; the effects of the environmental events influencing the deviations from the
normal SOS and EOS have been efficiently captured. Finally, the trend analysis demonstrated
the reduction in the rates of seasonal amplitude and small seasonal integral, and improvement in
the levels of GBM base value, indicating the progressive reduction in the levels of

photosynthesis and biomass allocation in the salt marsh ecosystem, that might be attributed as a
combination of environmental effects such as rising atmospheride®€ls and sea—level rise.

Further, the trend analysis results have been able to capture areas that are demonstrating
significant stress in terms of reduced photosynthetic activity and require immediate restoration

and conservation efforts. Through continuous monitoring of the ecosystem, it will be possible to
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ascertain whether certain salt marsh habitats will continue to be a major carbon sink in the

environment, or changes in the environment will force them to become a net carbon source.

Although trend analysis using MODIS derived images can provide a valuable insight into the
phenological dynamics at the landscape level, site-specific trend analysis might require similar
analysis using site specific records of sea—level changes, nitrogen enrichment and salinity, along
with finer resolution images. In addition, with finer resolution images it will be possible to
determine the distribution dynamics of the invasive Phragmites austrais otherwise
Spartinadominated landscape, and compare the progressive phenological trends of the two
species, with respect to elevated Q€vels and sea—level rise. Such a future study will provide a
clearer picture regarding possible ecological succession of SpaytlPlaragmites The study

also illustrate both the relative efficiency of MODIS based biophysical models in analyzing salt
marsh phenology and performances of the smoothing techniques in terms of improving signal to

noise ratio of the MODIS derived phenology.

Using the methods described in the third chapter, the phenology of salt marsh ecosystem across
coastal Georgia was examined for a sixteen-year time-period (2000-2015) in the fourth chapter.
We validated the GBM mapping algorithm developed for the Gulf Coast marshes on the salt
marshes of GA coast. We further justified the selection of SOS/EOS thresholds by matching
them with in-situobservations of SOS and EOS using PhenoCam. The trend analysis
demonstrated similar reduction in the rates seasonal amplitude and small seasonal integral, and
increment in the levels of GBM base value, indicating the progressive reduction in the levels of
photosynthesis and biomass accumulation in the salt marsh habitat, that might be attributed as a
combination of environmental effects such as stress induced by rising atmosphgevdl<)

and sea-level rise. This is for the first time that such a comprehensive analysis of the phenology
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of salt marsh habitat in the Atlantic sea-board has been studied in terms of the seasonality
parameters. Using the suggested methods in the previous two studies, monitoring of salt marsh

habitats will be possible elsewhere with similar environmental settings.

The final study develops methods for mapping salt marsh GPP by integrating in-situ
observations of GPP from eddy covariance flux towers and MODIS derived GBM values, for the
salt marshes of Grand Bay National Estuarine Research Reserve (GBNERR). This kind of study
salt marsh study has not been previously attempted because of the inherent difficulty in
collecting and analyzing ground data from such a complex ecosystem. The MODIS based model
developed in this study has been able to map GPP, although optimization of the model using
additional data for calibration and validation may be necessary, prior to expanding the model for
GPP estimation at a broader landscape level. Optimization of the GPP model may even improve
its performance by reducing its predictive error levels. GPP is a crucial indicator of marsh carbon
sequestration potential, and long-term trend analysis is crucial for detecting whether these
ecosystems are likely to function as sinks or sources of carbon in the environment in future. This
is particularly important because these productive coastal ecosystems in the Gulf and elsewhere
are vulnerable to climate change induced sea level rise, rising atmosphgaaC@erpetual

developmental pressures.

Although, MODIS can be an excellent choice for broader landscape level GPP mapping, certain
site specific studies may require information at a much finer resolution. The MODIS based GPP
model described in this study is inherently species invariant. However, at the site-specific level,
mapping GPP using species specific models might be a better option than species invariant
models. In addition, finer resolution images might yield more accurate estimates of the spatio-
temporal variation of GPP at the site-specific level. GPP varies across different salt marsh
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species, particularly between Sparting (@ant) and JuncufCs plant); hence the two species

are likely to respond differently to the changing global environment. With rising atmospheric
carbon dioxide and sea-levels, @@ant species will be at a competitive disadvantage compared

to G; plant species, with the possibility of §pecies being replaced by flant species (in case

of salt marshes Spartina being possibly replaceBtmagmite$. Unfortunately, species level

signals get diluted at the coarser spatial resolution of MODIS. Therefore, sensors which retain
species level signals, such as Landsat might be more useful for studying such species level
dynamics. In addition, since both the GPP and MODIS 8-day images are vulnerable to tidal
effect, the GPP model described here might have been affected by the tidal conditions.
Therefore, developing methods and techniques to account for the error induced by the tidal effect
on the GPP model is the next target. Further, comparison between different approaches of
estimating GPP can be made and validated using MODIS GPP product, to determine the
uncertainties. Finally, long-term trend analysis of GPP in salt marsh habitats may be studied and
predicted using simulation models incorporating environmental factors, such as atmospheric
CO,, sea-level rise, temperature and other climatic variables. Since salt marshes play a crucial
role in carbon sequestration, understanding its environmental response is crucial for formulation

and implementation of both site specific and global policies for salt marsh conservation.
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