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Abstract: Coastal salt marshes are biologically productive ecosystems that generate and sequester
significant quantities of organic matter. Plant biomass varies spatially within a salt marsh and it is
tedious and often logistically impractical to quantify biomass from field measurements across an entire
landscape. Satellite data are useful for estimating aboveground biomass, however, high-resolution
data are needed to resolve the spatial details within a salt marsh. This study used 3-m resolution
multispectral data provided by Planet to estimate aboveground biomass within two salt marshes,
North Inlet-Winyah Bay (North Inlet) National Estuary Research Reserve, and Plum Island Ecosystems
(PIE) Long-Term Ecological Research site. The Akaike information criterion analysis was performed
to test the fidelity of several alternative models. A combination of the modified soil vegetation
index 2 (MSAVI,) and the visible difference vegetation index (VDVI) gave the best fit to the square
root-normalized biomass data collected in the field at North Inlet (Willmott’s index of agreement
d =0.74, RMSE = 223.38 g/mz, AIC,, =0.3848). An acceptable model was not found among all models
tested for PIE data, possibly because the sample size at PIE was too small, samples were collected
over a limited vertical range, in a different season, and from areas with variable canopy architecture.
For North Inlet, a model-derived landscape scale biomass map showed differences in biomass density
among sites, years, and showed a robust relationship between elevation and biomass. The growth
curve established in this study is particularly useful as an input for biogeomorphic models of marsh
development. This study showed that, used in an appropriate model with calibration, Planet data are
suitable for computing and mapping aboveground biomass at high resolution on a landscape scale,
which is needed to better understand spatial and temporal trends in salt marsh primary production.
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1. Introduction

Coastal salt marshes are biologically diverse ecosystems that improve water quality, provide
protection from hurricanes and storm surges, and are important habitat for wildlife [1-3]. Furthermore,
as carbon is released from long-term storage through burning of fossil fuels to the atmosphere,
understanding how carbon is stored within coastal or marine environment is becoming more important.
This form of carbon storage is referred to as “blue carbon” and salt marshes are a large blue carbon
reservoir with carbon stored both in above and belowground biomass [4,5]. Biomass data are also
used in models predicting elevation change within marshes. One such model is the marsh equilibrium
model (MEM), which estimates elevation changes within salt marshes in relation to sea-level rise [6].
A fundamental feature of this model is the dependence of biomass production as a function of
relative elevation.
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Biomass density in a salt marsh is spatially variable and difficult to quantify at the landscape
scale. Elevation above sea level is one of the major determinants of primary production and plant
health within salt marshes, but other variables such as grazing activity, nutrient availability, and tidal
flushing are important as well [6-12]. Landscape-scale field analysis of biomass is impractical due
to labor-intensive methods and difficulty accessing the entire marsh area. However, remote sensing
technologies are well-suited for studies at the landscape scale. Spectral data extracted from satellites
allow researchers to estimate aboveground biomass [13,14] over large areas at a variety of spatial
resolutions. Many of the satellite platforms continuously collect images, making remote sensing data
useful for time-series analysis and retrieval of past events.

Many earlier studies about multispectral analyses of salt marsh biomass utilize data from NASA'’s
Landsat satellite series [13,15-17]. These satellites only have a 30-m resolution and 16-day revisit
cycle. The 30-m pixel size limits its capacity to resolve fine-scale variations in a marsh. Landsat
imagery is often unusable or only partly usable on cloudy days, which further reduces the image
availability. Lastly, satellite images need to be captured during low tide when the salt marsh vegetation
is not submerged. Therefore, satellites with higher spatial resolution and shorter repeat times are
more desirable.

A company in the United States, Planet, has launched its PlanetScope satellites since 2009.
Currently, it has over 100 PlanetScope nanosatellites in orbit, collecting multispectral imagery in blue,
green, red, and near-infrared bands. It established a data-sharing program for students and researchers
providing them with near-daily, 3-m PlanetScope data [18], allowing for high spatial and temporal
analysis of landscapes. The goal of this study was to test the efficacy of Planet data to accurately
predict aboveground biomass within salt marshes in North Inlet-Winyah Bay (North Inlet) National
Estuarine Research Reserve and Plum Island Ecosystems (PIE) Long-Term Ecological Research site
and its ability to resolve spatial pattern across the marsh landscape. Results from this study will give
a better understanding of aboveground biomass within salt marshes, which is useful for a variety
of purposes including modeling studies, trends analysis, assessment of marsh health, and potential
carbon sequestration.

2. Materials and Methods

2.1. Study Area

The main study area was North Inlet, in Georgetown, South Carolina (Figure 1a). North Inlet has
been the site of multidisciplinary ecological research for about 50 years. The intertidal marshes here
consist of 29 km? of monospecific stands of Spartina alterniflora punctuated by about 121 km of creeks.
S. alterniflora possesses long-lived, perennial rhizomes that produce a new crop of stems annually.
The mild winters allow for year-round growth, though growth of the newly emergent crop of stems is
greatly reduced until milder, brighter conditions prevail in springtime and summer.

Studies of primary production that begun in 1984 at North Inlet documented that interannual
anomalies in mean sea level (MSL) on the order of 5 to 10 cm positively affected the productivity of
S. alterniflora [19,20]. The effect on plant growth is thought to be due to variations in the duration
(hydroperiod) and frequency of tidal flooding, which are determined largely by the marsh elevation
relative to mean high water level (MHW). Primary production in the upper quadrant of the tidal frame
(roughly the highest 25% of the intertidal zone) is greater in years of high sea level. This is key to the
survival of marshes, because the vegetation traps more sediment and generates greater biovolume
when greater flood frequency and duration enhance vegetative growth [6].

A smaller study was conducted at the PIE, located in northeastern Massachusetts (Figure 1b).
PIE consists of a linked watershed-marsh-estuarine system located within the Boston metropolitan
area of northeastern Massachusetts. The brackish and saline tidal wetlands of the PIE site form the
major portion of the “Great Marsh”, the largest intact marsh left on the northeast coast of the United
States. The coastal ecosystems of PIE are in an area that is changing rapidly. Over the last 30 years,
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surface sea water temperatures in the Gulf of Maine have risen at 3 times the global average; over the
last decade warming has increased 7-fold to 0.23 °C per year, making the Gulf of Maine one of the
fastest warming regions in the global ocean [21]. The warming is also associated with a shift in the
Gulf Stream that affects local sea level. This area is experiencing high rates of sea-level rise that appear
to have accelerated over the last 15 years to nearly 4 mm/year compared to the long-term average of
2.8 mm/year over the last century [22]. PIE is dominated by Spartina patens at high elevations within the
tidal frame and S. alterniflora growing at the lower elevations, especially along the creek banks. The cold
winters lead to a short growing season, roughly May—August. For this study, only S. alterniflora areas
were examined at both North Inlet and PIE.
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Figure 1. Study areas and sample sites, with stars indicating sample locations. (a) North Inlet-Winyah
Bay National Estuarine Research Reserve within South Carolina. Established sample locations names are:
DDC—Debidue Creek, OL—Oyster Landing, GI—Goat Island, BASS—Sixty Bass Creek, OMC—OIld
Man Creek, BCR—Bly Creek, STC—South Town Creek. (b) Study site at the Plum Island Ecosystems
Long-Term Ecological Research site within Massachusetts. Basemap images courtesy of Planet Labs,
Inc. (San Francisco, CA, USA).

In addition to climate, major differences between the two sites include tide range and soils.
PIE marshes are built on a low-grade peat, while North Inlet marshes rest on mineral sediment.
Tide range averages 2.7 m at PIE and 1.4 m at North Inlet [9,23]. The relative elevation of the marsh
within the tidal frame, meaning the vertical position between the low- and high-tide levels, is critically
important to the resilience of these ecosystems, because it determines their ability to maintain elevation
relative to sea level within a favorable vertical range. Spartina marshes exist approximately between
mean high water (MHW) and MSL [24], and the biomass of the vegetation is dependent on relative
elevation [6]. Thus, theory predicts that biomass should vary across a marsh landscape as a function of
elevation. Our analysis of high-resolution data from Planet provided a test of this theory.
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2.2. Field Data Collection

For North Inlet, biomass samples were collected at seven sites in each of two years, September 2017
and September 2018. At each site, four sample locations were randomly selected; in total, 54 biomass
samples were collected (Figure 1a). These sites were selected because they are accessible and have
nearby established sediment elevation tables (SET). A SET is a portable, mechanical leveling device
designed to attach to a stable benchmark pipe for the purpose of measuring change in marsh surface
elevation [25,26]. Established site names are: DDC—Debidue Creek, OL—Oyster Landing, GI—Goat
Island, BASS—Sixty Bass Creek, OMC—OId Man Creek, BCR—BIly Creek, and STC—South Town
Creek. For PIE, biomass samples were collected at nine sites during July 2018. Similarly, three to four
sample locations were randomly selected and a total of 36 biomass samples were collected. Only areas
with monocultures of S. alterniflora were sampled (Figure 1b). At both North Inlet and PIE, a 25 cm X
25 cm quadrat was placed over the plants and plant matter was clipped to the soil surface, excluding
fallen litter. The plants were bagged and returned to the laboratory where samples were washed and
dried in an oven at 60 °C for 72 h, or until a constant weight was reached. GPS measurements were
taken over mudflat locations in North Inlet (12 locations) and PIE (7 locations) to better establish the
zero biomass records.

For validation, biomass data collected at North Inlet during monthly surveys at established survey
locations were used. This independent dataset is part of a long-term study of biomass production
within North Inlet, and is described by Morris and Haskin [19]. Standing biomass was estimated
nondestructively by measuring stem heights, and calculating stem weights based on an established
empirical relationship [19,27]. Only biomass data from locations that were far enough from the creek
edge were used, to avoid interference from water with the spectral data. Biomass values were averaged
if multiple sample locations fell within the same pixel, which resulted in a collection of 26 pixel-wise
points for model validation in this study.

2.3. Satellite Data

The downloaded PlanetScope images data were acquired on dates close to field sample dates subject
to cloud-free and low-tide conditions. For North Inlet, those were 30 October 2017 and 20 September
2018. For PIE, data were collected on 20 July 2018. Planet provided atmospherically corrected
multispectral data using the second simulation of a satellite signal in the solar spectrum (6S) radiative
transfer model, as has been used successfully in other wetland studies [28-30]. The atmospheric
correction process uses information from moderate-resolution imaging spectroradiometer (MODIS) for
ozone, water vapor, and aerosol inputs [31]. Greater detail about Planet’s sensor specifications is given
in Table 1.

Table 1. Summary of PlanetScope sensor characteristics.

Characteristic Value
Blue wavelength (nm) 455415
Green wavelength (nm) 500-590
Red wavelength (nm) 590-670
NIR wavelength (nm) 780-860

Spatial Resolution (m) 3x3

Temporal Resolution Near daily
Image size (km) 24 x7

2.4. Vegetation Indicies

For each Planet image, the vegetation indices (VI) shown in Table 2 were calculated. The normalized
difference vegetation index (NDVI) is a commonly used index measuring plant greenness, with larger
values closer to 1.0 indicating the maximum amount of vegetation [32]. Its first salt marsh application
was possibly by Hardisky et al. [33] who used a handheld sensor in a Delaware marsh. Background
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absorption (and reflectance) from soil can have a significant effect on the reflected light, and to account
for soil influencing the VI, an adjustment factor (L) is sometimes incorporated into the NDVI calculation
resulting the soil adjusted vegetation index (SAVI). Factor L can range from 0 to 1 where 0 indicates
complete vegetation coverage and no background effects from soil [34]. An L value of 0.5 minimizes
soil brightness variations and is commonly used, but L is based on the amount of vegetation coverage
within the study area. Building upon SAVI, the modified soil adjusted vegetation index 2 (MSAVI,)
uses a functional L factor that eliminates the need to estimate vegetation density [35]. The renormalized
difference vegetation index (RDVI) is an index that reduces oversaturation issues that can be associated
with densely vegetated areas [36]. Next, the visible difference vegetation index (VDVI) was originally
developed for unmanned aerial systems to highlight plant greenness and uses only values in the
visible spectrum [37], and the green normalized vegetation index (GNDVI) can be more sensitive to
chlorophyll than NDVI [38]. At each of the field sample locations, we extracted the VI values and
surface reflectance from each of the four individual bands and fitted each of these models to square-root
normalized biomass.

Table 2. Vegetation indices and the associated formulas used in the analysis.

Vegetation Index Equation Reference
NIR — red
NDVI NIRJF?%IR 0 [32]
1 —rer
MSAVI, 2NIR+1- \/(2 NIR+1)>~8(NIR-red) [35]
2
NIR — red
RDVI . \/W : [36]
XgT’EEl’l —reda —olue
VDVI 2 Xg]t]el% +red +blue (371
— green
GNDVI NIRTgreen [38]

1 L is a soil adjustment factor ranging from 0 to 1, with 0 indicating no background effect from soil. A frequently
used value is 0.5, which was adopted in this study.

2.5. Statistical Analysis

The R statistical program was used to run a stepwise method of multiple regression models and
determine the best-fit model [39]. The model was initially built using the following formula or a subset
of it:

Biomass = fo + B1NDVI + B2SAVI + BsMSAVI2 + BRDVI + fsVDVI + BeGNDVI

+pBrblue + Bggreen + Bored + B1oNIR @

where f is the intercept and each subsequent  of 1-10 is the fitted coefficient related to the input
variables. Symbols blue, green, red, and NIR represent surface reflectance in each corresponding spectral
band. Within R, only models that passed the assumption of non-collinearity were considered.

To normalize the data, the biomass in Equation (1) was input as the square root of field-measured
biomass (g/m?). Furthermore, biomass was regressed against the original VIs as well as the logged VIs;
the indices can saturate at higher biomass values following a logged shaped curve. We created and
compared models with all combinations of vegetation indices and individual spectral bands against
each other and selected the best-fit regressions.

This study adopted the Akaike information criterion (AIC) analysis for model comparison.
AIC estimates the quality of a model relative to the other models within an analysis, with the smallest
AIC model being the best. This allowed us to compare each model against each other by assessing
their AIC values and AIC weights (AIC,). The AIC,, calculates the weight of evidence for one model
over another model and is calculated based on the entire series of linear regressions in the analysis.
The summation of AIC,, values is 1, which makes for easier model comparison [40]. The AIC values
and AIC weights (AIC,,) can be calculated as [40,41]:
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AIC = —2log(L) 4 2K @)
exp{-1 Ai(AIC)}
ZkK:1 exp{—%Ak(AIC)}

where K is the number of parameters in the model, L is the maximum likelihood function of the model,
and A;(AIC) is the AIC value for the model minus the AIC value of the smallest model. The model
with the lowest AIC and highest AIC,, is the best model at predicting aboveground biomass.

Three evaluation metrics were examined for performance assessment of the regression model,

AICw =

®)

which was computed using back-transformed output values (biomass g/m?). Its accuracy was quantified
using Willmott’s index of agreement (d) [42], which was calculated using the hydroGOF package
in R [43]. The index of agreement ranges from 0 to 1, with 1 indicating a perfect fit, and has been
used in several remote sensing studies for accuracy assessment [44—47]. Squared Willmott’s index of
agreement (d?) was also included since its values are more similar to the frequently used coefficient of
determination (R?) values [48]. Lastly, root mean square error (RMSE) was calculated as:

RMSE = \/% X Z(Bobs - Bmod)2 4)

where n is the number of validation samples, B, is the observed biomass (g/mz), and B4 is the
modeled biomass (g/m?).

3. Results

3.1. North Inlet

The regression model that best predicted aboveground biomass (AIC,, = 0.3848, d = 0.74) was:
VBiomass = 76.99 + 39.10 X log10(MSAVI,) + 28.55 X log10(VDVI). )

In AIC analysis, more dependent variables are counted against the model fit, as shown in
Equation (2), and some of the variables such as MSAVI, and SAVI were autocorrelated, violating the
assumption of non-multicollinearity. Therefore, within our analysis, only models with one or two
variables were the best-supported models. In Table 3, we include models that showed the most support
from our analysis as indicated by an AIC,, greater than 0.

Table 3. All models were fitted to square-root normalized aboveground biomass. The model with the
highest Akaike information criterion (AIC) weight (AICy) is the best model. The table only included
models that had an AIC,, larger than 0.

Model AIC AICy,
log10(MSAVI2) + log10(VDVI) 364.4 0.3848
MSAVI2 + VDVI 365.2 0.2636
SAVI + VDVI 365.6 0.2122
VDVI + GNDVI 367.3 0.0856
VDVI 370.4 0.0231

log10(B3) + log1o(VDVI) 371.8 0.0096
B3 + log1p(VDVI) 372.3 0.0073
MSAVI2 + B3 372.6 0.0064
log10(MSAVI2) + log19(B3) 373.3 0.0045
SAVI + NDVI 374.5 0.0025

MSAVI2 382.4 0.0001
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The model accuracy was tested using the independent biomass dataset and there was a good
model fit; d = 0.74, d> = 0.55, n = 26, RMSE = 223.38 g/m2 (Figure 2). The modeled (predicted) values
versus the actual values from the validation dataset followed a linear trend that did not significantly
deviate from the 1:1 line. Furthermore, the index of agreement was not far from 1 (d = 0.74), indicating
a good model fit. The root mean square error (RMSE) of the validation dataset was 223.38 g/m?.
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Figure 2. Modeled biomass (g/mz) from the combined modified soil vegetation index 2 (MSAVI,) and
visible difference vegetation index (VDVI) versus the validation biomass (g/m?) data. Dashed line
corresponds to the 1:1 line indicating a perfect match between the measured and predicted values.
Root mean square error (RMSE) = 223.38 g/m?, Willmott’s index of agreement (d) = 0.74, and squared
Willmott’s index of agreement (d?) = 0.55.

Using the best-fitting model and Planet spectral 3-m data, North Inlet biomass maps were
created for 2017 (Figure 3a) and 2018 (Figure 3b). Total aboveground, S. alterniflora biomass across
the entire marsh landscape in North Inlet was estimated to be 3423 Mg in 2017 and 2655 Mg in 2018.
The maximum area-specific aboveground biomass was 2483 g/m? and 1823 g/m? in 2017 and 2018,
respectively (Figure 4). The locations of biomass maxima differed between 2017 and 2018. Thus,
in addition to interannual temporal variability in the standing crop, there was interannual spatial
variability as well, most likely due to varying environmental conditions. To further investigate how
biomass differed between the seven locations, modeled biomass values were extracted from 100-m
buffers around the sample locations. Most locations had a wide range of biomass, with DDC having a
relatively small range. In 2017, BASS had the largest mean biomass and BCR had the lowest (Figure 4).
In 2018, DDC had the largest mean biomass and GI had the lowest (Figure 4).

The dependence of biomass on elevation was examined using the model-derived aboveground
biomass data (Figure 4) and a 2007 bare-earth lidar-derived digital elevation model. Across the entire
marsh landscape, 3000 points were randomly sampled from both the 2017 and 2018 datasets. Using the
geolocation of each point, the georeferenced elevation and modeled biomass data were matched.
Modelled biomass demonstrated a highly significant parabolic relationship to elevation, with peak
biomass near 36 cm above NAVDS88 (Figure 5a; p < 0.001). This relationship to elevation was very close
to that observed earlier (Figure 5a) in a bioassay experiment in North Inlet [9].
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Figure 3. Modeled biomass from the back-transformation of Equation (2) across the marsh landscape
at North Inlet from Planet satellite data acquired in (a) October 2017 and (b) September 2018. Basemap
images courtesy of Planet Labs, Inc.

3.2. Plum Island

Harvested aboveground biomass at PIE, like North Inlet, was dependent on elevation (Figure 5b).
However, the relationship was linear, which was the case both with the harvest data from this study and
a bioassay conducted earlier [9]. The decline in biomass with elevation suggests that the S. alterniflora
marshes at PIE occupy the upper half of their possible growth range, at least among the sites we
sampled. Unlike PIE, at North Inlet we found S. alterniflora across its entire growth range.

The application of multispectral data in this study for biomass predictions at PIE was less than
satisfactory. For example, model Equation (5) fitted to the PIE data showed low model performance
d = 0.22 and d? = 0.05, indicating that Equation (5) might be site-specific and cannot be applied
across dissimilar sites. None of the other models were satisfactory either. Additionally, the two
vegetation indices MSAVI; and VDVI, which were used in Equation (5), did not show a relationship
with normalized biomass (Figure 6).

4. Discussion

Planet data were applied successfully to estimate aboveground biomass at North Inlet. A good
model fit (d = 0.74, d> = 0.55, RMSE = 223.38 g/m?) was obtained using the model developed within
this study to estimate biomass at the validation sites. The extracted biomass map provided interesting
insights about this marsh’s growth dynamics that correlated well with data from marsh organ studies,
including correspondence with the vertical growth ranges.
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Within North Inlet we found that mean biomass varied by sample location. As indicated in
Figure 4, differences in biomass density were significant due to variable growth conditions within the
estuary. STC had the largest biomass concentration and is also the location closest to Winyah Bay.
Winyah Bay is an estuary adjacent to North Inlet (Figure 3) with a large freshwater discharge, and its
adjacent marshes are less saline than the majority of North Inlet estuary. The water from Winyah
Bay only influences the southern region of North Inlet, due to a tidal node that limits the intrusion of
brackish water further into North Inlet [23]. STC was the only site we sampled that was influenced by
Winyah Bay, and the freshwater influence presumably provided for more favorable growth conditions,
allowing for larger biomass growth.

There are other sources of variation that have not been fully explained. For instance, total biomass
in 2017 was greater than in 2018, however it is unclear what led to this change. The images used in
2017 and 2018 both were taken at low tide (—0.5 m and —0.42 m relative to NAVD, respectively) and in
the same season, so influences of tide and time-of-year were minimal. However, it is possible that
atmospheric conditions differed between images and were not perfectly or uniformly corrected using
atmospheric correction. Alternatively, rainfall may have been a factor [19,30]. Based on the Palmer
drought severity index for the northeast region in South Carolina, 2017 experienced more “incipient
wet spells during the growing season than in 2018, which should have been more favorable for growth.
Then in February/March of 2018 there was a period of “mild drought” (Figure 7) [49,50], which likely
depressed growth. Although there was no notable prolonged drought in 2018, the average summer
temperature was slightly cooler in 2017 and springtime wetter than 2018, both of which may have
resulted in somewhat more favorable 2017 growing conditions (Figure 8). Other factors that influence
aboveground biomass include herbivory, interannual variation in sea level, and storms [19,30,51-53].
Thus, the remote imagery has opened up future work on the possible drivers of these inter-annual
differences in marsh primary production.
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Figure 4. Whisker and box plot of field-collected biomass samples within North Inlet. Top and bottom

of the boxes indicate the third and first quartile, respectively. Horizontal line within the box indicates
the median value and the whiskers indicate the maximum and minimum.
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Figure 5. Aboveground biomass (g/m?) versus plot elevation (cm) above NAVD88 within North Inlet
and PIE. (a) North Inlet—shown in black are the means (+1 SD) of calculated biomass found at North
Inlet across a range of elevations modelled using Equation (2). Biomass predictions shown here were
back-transformed by squaring the model calculation. The blue line is a least-squares fit of a parabola
(p < 0.001) to these data. Shown in green are the means (+1 SE) from a North Inlet marsh-organ
experiment [9] and the least-squares best fit of a parabola. (b) PIE—Dblack circles are (June) harvested
biomass samples from this study collected in salt marshes dominated by Spartina alterniflora. The blue
regression line indicates dependence of field collected biomass (g/mz) on elevation (cm). Green triangles
are means (+1 SE) of end-of-season biomass from in PIE marsh organ experiment [9] with dashed linear
regression line.
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Figure 6. Square-root biomass g/m2 plotted against vegetation indexes within PIE. (a) Visible differences
vegetation index (VDVI); (b) modified soil vegetation index 2 (MSAVIy).
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Figure 7. Palmer drought severity index for the Northeast South Carolina region. This region
encompasses North Inlet. Negative values indicate drought and positive values indicate wet periods.
Values between 0.5 and 1 indicate “inceptive wet periods,” values between 1 and 2 indicate slightly
wet, values between —0.5 and —1 indicate incipit dry spells, and values between —1 and -2 indicate
mild drought.
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Figure 8. Average monthly temperature (°C) and cumulative monthly precipitation during the growing

season within North Inlet for 2017 and 2018. The bar graph indicates precipitation and line graph
indicates temperature. Data are from a weather station at North Inlet.

Elevation also played a role in biomass growth, and similar to other studies, biomass followed
a parabolic relationship with elevation [6,9,54]. Furthermore, the biomass curve closely follows the
curve found in a marsh organ experiment conducted at North Inlet and PIE [9]. The comparison
of results from this study and that of the marsh organ study (shown in Figure 5a,b) demonstrates
that PlanetScope data are useful in deriving biomass growth curves, and can be an alternative to
labor-intensive, in situ bioassay experiments. Though the overall harvested biomass at PIE was lower
than what was found in a PIE marsh organ experiment, perhaps due to time of harvest, the slope of
the two growth curves were similar. For North Inlet, the peak biomass is at mid elevations within
its vertical range. As noted earlier, the optimal elevation for S. alterniflora growth is approximately
midway between mean sea level and the level of mean higher high water [9], which is presumably the
least stressful elevation [6]. This is consistent with our biomass model and supports that Planet data or
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alternative remote imagery can be utilized to derive a relationship between elevation and biomass
production based on vegetation indices and a DEM. This would expand the utility of predictive models
such as MEM and allow for better predictions of marsh survival and migration in the face of rising
sea level.

There is a north-south elevation gradient within North Inlet (Figure 9a,b) that may also influence
the biomass. As noted above, there are differences in biomass among sample sites, and the mosaic of
biomass (Figure 3) clearly shows a preponderance of high biomass at the south end of North Inlet.
The elevation at that end of the estuary (Figure 9) is close to the optimum (Figure 5), while elevations
at the north end are suboptimal. Consequently, marsh areas at the north end are at greater risk of
drowning due to sea-level rise.

Elevation (cm)
-llk II\) N B O
N

T T 1 T 1 T T
0 1,000 2,000 3,000 4,000 5,000 6,000
Distance from STC to DDC (m)

Elevation (cm) above NAVD838
m High : 229

| ow:-50

(b)

Figure 9. Elevation within North Inlet: (a) Elevation profile across the estuary from the southernmost
sample site (STC) to the northernmost site (DDC) and (b) elevation (cm) above NAVDS88 with a pink
line representing the transect shown in (a).

The sample size for PIE was possibly too small to realize a significant correlation between the
spectral data and aboveground biomass. Another factor may have been the dark organic-rich soils that
are characteristic of PIE marshes. Further, based on field observations, biomass, plant form, and stem
density at PIE are extremely variable. For instance, biomass was over 160 cm tall at one site and under
20 cm at another. The issues of large biomass variance and possible spectral saturation with tall dense
vegetation at PIE could potentially have been overcome using a larger sample size. In addition, a better
correlation between satellite data and biomass may have been established if S. patens samples had been
included, but the architecture of the two species is radically different. To maintain consistency across
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sites, only S. alterniflora was included. Future work should be conducted at PIE to include more plant
species, larger sample size, and a wider growth range.

The biomass density observed at PIE in this study was lower than what was found in a marsh
organ study (Figure 5b), although the trends with elevation were the same, confirming that growth
of S. alterniflora varies with elevation. However, the growth curves for North Inlet and PIE were
different (Figure 5). Within PIE, S. alterniflora growth is largely confined to the higher end of its growth
range. Moreover, as noted earlier, the tide range at PIE is greater than at North Inlet. Consequently,
the potential or fundamental vertical growth range of S. alterniflora is greater at PIE than at North Inlet.
However, S. alterniflora’s realized growth range in North Inlet spans the entirety of its fundamental
range, which our data fully captured, which is possibly another reason for the model’s success at North
Inlet and failure at PIE.

Biomass and satellite data from PIE were collected earlier in the annual growth cycle than at
North Inlet, which also may have affected the fidelity of the models because the spectral signature of
S. alterniflora varies throughout the year [55,56]. Satellite and field data for PIE were collected in July
while samples were collected in North Inlet during early autumn. The growing season also differs
between the two sites, as discussed above. Therefore, the spectral signatures of PIE and North Inlet
plants were likely very different, which would lead to differences in vegetation indices values. To better
determine if a universal biomass model using Planet or other spectral data could be used, future work
should match field and satellite data during peak VI values at each sample site.

This study supports the use of small satellites as a reliable platform to provide data that may be
used to compute and map marsh biomass. The commonly applied medium-resolution data such as
Landsat is less helpful since the fine-scale spatial variability of marsh biomass is smoothed in those
images. As one example of the rapidly developing small satellite technologies, PlanetScope have data
originating in 2009. However, their target for near-daily data was reached in 2017. Planet continues to
launch their PlanetScope satellites several times a year ridesharing with other missions. These low-cost
small satellites have a lifespan of about three years, which allows the company to update the satellite’s
hardware. The low cost and frequent launch of new satellites also reduces the cost risk of a failed
mission. An added benefit of PlanetScope data is that the satellites are always in operation, while
other high-resolution satellites are often task-based. This feature provides PlanetScope users with high
spatial and temporal coverage of data. Data accessibility is an issue. Since Planet is a commercial
company, its data are not as easily accessible as NASA's frequently used Landsat data. In addition,
taken with frame cameras, the radiometric accuracy of Planet data may not be as high as that of
Landsat. However, this has not yet been widely studied. Despite these drawbacks, the high spatial
resolution and temporal frequency of PlanetScope makes it especially useful within heterogeneous
wetland systems that are influenced by tides and summer cloud covers.

5. Conclusions

This study successfully utilized Planet multispectral data to create 3-m spatial scale resolution
maps within the North Inlet Winyah Bay National Estuarine Research Reserve. The derived model
cannot universally be applied to all wetlands, such as the Plum Island Ecosystems Long-Term Ecological
Research site, however this may have been due to differences in season and small sample size, among
other possibilities. The advantage of using Planet’s data is its high spatial resolution and repeat time,
which allows for analysis of biomass distribution and temporal change on a finer scale. The finer
scale analysis is particularly useful for land and coastal managers interested in assessing marsh health.
Furthermore, the frequent repeat time of Planet’s satellite series provides more usable coastal data;
analysis within a salt marsh requires imagery collected during low tide, and clouds often cover the
coast during the summer making it difficult to find suitable data.

Pairing the model-derived landscape scale map with elevation data, a robust biomass curve with
elevation was established. This is important for establishing a better understanding of factors that
control biomass growth and is an important input to biogeomorphic models of marsh response to
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rising sea level. This study not only highlights the usefulness of a newer satellite sensor, but also shows
how high-resolution satellite-derived products help answer questions about spatial variability within
a marsh and overall marsh condition.
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