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Abstract: Submerged aquatic vegetation (SAV) are highly efficient at carbon sequestration and, despite
their relatively small distribution globally, are recognized as a potentially valuable component of climate
change mitigation. However, SAV mapping in tidal marshes presents a challenge due to optically
complex constituents in the water. The emergence and advancement of deep learning-based techniques
in the field of habitat mapping with remote sensing imagery provides an opportunity to address this
challenge. In this study, an analytical framework was developed to quantify the carbon sequestration of
SAV habitats in the Atchafalaya River Delta Estuary from field and remote sensing observations using
deep convolutional neural network (DCNN) techniques. A U-Net-based model, Wetland-SAV Network,
was trained to identify the SAV percent cover (high, medium, and low) as well as other estuarine habitat
types from Landsat 8/9-OLI data. The areal extent of SAV was up to 8% of the total area (47,000 ha).
The habitat areas and habitat-specific carbon fluxes were then used to quantify the net greenhouse gas
(GHG) flux of the study area for with/without SAV scenarios in a carbon balance model. The total net
GHG flux was in the range of —0.13 + 0.06 to —0.86 & 0.37 x 10° tonne COse y~! and increased up
to 40% (—0.23 + 0.10 to —0.90 & 0.39 x 10° tonne CO,e y~!) when SAV was accounted for within the
calculation. At the hectare scale, the inclusion of SAV resulted in an increase of ~60% for the net GHG
sink in shallow areas adjacent to the emergent marsh where SAV was abundant. This is the first attempt
at remotely mapping SAV in coastal Louisiana as well as a first quantification of net GHG flux at the
scale of hectares to thousands of hectares, accounting for SAV within these sub-tropical coastal delta
marshes. Remote sensing and deep learning models have high potential for mapping and monitoring
SAV in turbid sub-tropical coastal deltas as a component of the increasing accuracy of net GHG flux
estimates at small (hectare) and large (coastal basin) scales.
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1. Introduction

Submerged aquatic vegetation (SAV) across a broad range of salinity tolerances, includ-
ing marine species (e.g., seagrasses) and non-marine species, constitutes a key component
of shallow aquatic ecosystems [1-3]. SAV can provide a wide range of ecosystem services
including stabilizing sediments and reducing shoreline erosion [1,4-6]. SAV can also entrain
sediment and reduce nutrients to improve water quality, alter biogeochemical cycles, and
provide food and habitat for a number of aquatic species [7-9]. SAV also plays a potential
role in mitigating climate change due to its large contribution to global sediment carbon
burial [10-12]. During the growing season, SAV captures dissolved carbon dioxide (CO,) via
photosynthesis to support its growth, storing carbon into aboveground and belowground
biomass (e.g., leaves, rthizomes, and roots) while oxygenating the surrounding water and sedi-
ment (Figure 1). SAV habitats are characterized by a high allochthonous and autochthonous
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organic matter deposition [13] and low decomposition rates of belowground organic material
in underlying sediment layers [14-17]. Hillmann et al. [18] reported that the carbon stock for
fresh to brackish SAV in coastal Louisiana was approximately 231.6 + 19.5 x 106 g C ha~?.
However, in comparison with blue carbon habitats (i.e., salt marsh, mangrove, and seagrass),
the carbon sequestration potential of non-marine SAV in fresh-brackish estuarine areas has
not been widely quantified [13]. One reason for this is that these SAV habitats have been
considered to be highly spatially dynamic over timescales that range from days to decades,
partly due to the impact of hurricanes on SAV distribution in these ecosystems [18,19].
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Figure 1. Conceptual representation summarizing prominent carbon fluxes of Louisiana’s deltaic
fresh to brackish shallow-water coastal ecosystems.

Increasing ecosystem stressors (e.g., large grazing events, eutrophication, storms, high
water temperature with low light, and human activities such as dredging) have resulted
in a loss in area of tidal marshes and SAV habitat globally [2,3,20,21]. However, in semi-
tropical ecosystems, the loss of emergent herbaceous marsh wetland results in a greater
area of shallow open water. This expanded area of shallow water brings the potential
for an increase in habitat areas suitable for SAV [22-24]. Given future projected wetland
loss, the quantification of the current spatial extent of the SAV habitat and continuous
long-term monitoring efforts are critical for assessing the distribution and abundance of
SAV communities with respect to natural and anthropogenic perturbations [25,26]. SAV
quantification and mapping would also inform the estimation of a range of current and
future nekton and wildlife ecosystem services, as well as reduce the uncertainty for carbon
sequestration and storage estimates [18,27,28].

Optical remote sensing has been effective in the monitoring of terrestrial vegetation
(e.g., forestry, tidal wetlands, and agriculture; [29-33]). Remote sensing approaches were
also used to map and monitor seagrass distribution and abundance [31,34-36]; however,
these applications have largely focused on seagrasses in clear coastal waters [37-39]. In
contrast, non-marine SAV mapping presents particular challenges, especially in turbid
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estuarine waters where chlorophyll [40,41], dissolved organic carbon [42], and suspended
minerals [43] can affect water clarity and the strength of the sensed light signal. Numerous
remote sensing methods have been developed to detect SAV for large-scale and long-term
monitoring. These methods range from pixel to object-oriented approaches, and from man-
ual to machine learning methods [44—46]. Due to the rapid development of remote sensing
techniques, it is essential to use consistent methodologies so as to minimize mapping
discrepancies and errors, and to enable comparisons through time. In addition, processes
for the simultaneous mapping of SAV in waters that are both clear and turbid can enable
regular, routine map creation for the ongoing observation of SAV dynamics [47]. More
recently, the emergence and advancement of deep learning-based techniques has achieved
remarkable success in various fields [48], including image semantic segmentation. Deep
learning-based techniques (e.g., deep convolutional neural network, DCNN) provide better
performance against traditional pixel-based methods [49] and the ability to extract image
features without human intervention [50,51]. One DCNN architecture with particularly
high accuracy, U-Net, was initially developed for biomedical image segmentation [52].
U-Net consists of a contracting path to capture context and a symmetric expanding path,
in which a small number of training data can drive U-Net to obtain high accuracy results.
Several regional U-Net models have been developed for wetland classification and for
vegetation species identification (e.g., black mangrove) [53-55]. The data used to drive
these analyses included Landsat 8 (30 m) and Sentinel 2-A /B imagery (10 m), which are
satellites with global coverage and a spatial resolution of 10-60 m [56,57]. However, the
mapping of non-marine SAV based on deep learning approaches has lagged behind that
conducted for marine SAV, mangroves, and coastal wetlands [49].

This study focused on spatiotemporal variation in SAV distribution and the potential role
of SAV in carbon sequestration in a subtropical shallow delta system (hereafter, Atchafalaya
River Delta Estuary) in Louisiana, USA. A novel combination of DCNN techniques and field
and remote sensing observations were used. The four primary objectives of this study were
to: (1) develop a DCNN-based model to map the SAV areal extent in the Atchafalaya River
Delta Estuary; (2) estimate carbon fluxes of the mapped SAV; (3) estimate the net greenhouse
gas (GHG,) sink potential of SAV habitats from 2015 to 2022; and (4) assess the impacts of two
recent hurricanes on SAV dynamics and net GHG fluxes in the study area.

2. Materials and Methods
2.1. Study Area

This study focused on approximately 47,000 ha in the southern Atchafalaya Basin,
Louisiana, USA (Figure 2). Within the Atchafalaya Basin, two deltas (Atchafalaya Delta
and Wax Lake Delta) have formed and are extending southward toward the Gulf of Mexico.
These deltas are the result of sediment accretion from the Atchafalaya River discharge
and from dredged material deposited by the U.S. Army Corps of Engineers [58,59]. The
large volume of fresh, sediment, and nutrient-rich water flowing across the deltas has
created an extensive habitat for emergent marsh, floating aquatic vegetation (FAV), and
SAV [60]. Intermittently flooded upper deltaic areas are dominated by a diverse assemblage
of emergent fresh-intermediate marsh species (e.g., Typha spp., Phragmites australis, and
Zizaniopsis miliacea; [61]). Emergent marsh vegetation species tolerant of both continuous and
partial submergence, FAV, and SAV, dominate the lower regions of the delta system [60,62].
The abundant SAV and FAV communities of the Atchafalaya River Delta Estuary respond
strongly to high turbidity events, especially during periods of seasonal high water [63] as well
as major tropical events, such as hurricanes Barry in 2019 and Ida in 2021 [64,65].
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Figure 2. Map of the Atchafalaya River Delta Estuary study area located in southern Louisiana, USA.
The map shows the field validation transects (A, B, C, and D; red squares) visited in 2022 and the
field calibration sites visited in 2015 (yellow triangles). The Coastwide Reference Monitoring System
(CRMS) station nearest to the study area is also indicated. The right panels display photographs of
the dominant SAV and FAV species observed in 2022 along transects A—C.

2.2. Field Observations
2.2.1. Historical Data

In this study, historical field measurements of SAV and FAV percent cover (% cover)
collected by Darnell et al. (unpublished data) between May and September 2015 were
used as input to a U-Net model to classify the two habitat types (described in detail in
Section 2.3.2). These data were collected at a mean depth of 0.46 m near the mouth of the
Atchafalaya River. Thirty sites were sampled adjacent to Coastwide Reference Monitoring
System (CRMS) site 6304 (91.2752272°W, 29.4237544°N; Figure 2). Sites were randomly
selected using a generalized random tessellation stratified (GRTS) design. SAV % cover
from four replicate 0.25 m quadrats was collected during the monthly sampling at each
of the 30 sites from May to September 2015. Data summarized from the CRMS stations
describe the ranges of mean salinity (1-2.5 ppt), mean water temperature (20.15-36.1 °C)
and mean water depth (0.22-1.25 m) during the period of May-September 2015. The SAV
% cover data were categorized for subsequent analyses: high density (60-100%; SAV high),
medium density (30-60%; SAV medium), and low density (0-30%; SAV low) based upon a
modified Braun-Blanquet scale [64].

2.2.2. Field Data Collection for U-Net Model Validation

To validate the SAV mapping from remote sensing data using the U-Net model, SAV
% cover, presence/absence, and dominant species of SAV were assessed in the Atchafalaya
River Delta on 19 October 2022. SAV observations were collected along four transects (A, B,
C, and D; Figure 2). Four sampling stations were randomly selected along each transect.
Due to the low water levels restricting access, some stations had to be re-located along the
transects. At each sampling station, five replicate 0.25 m? quadrats were measured for SAV
% cover. The dominant species of SAV, water temperature (°C), mean water depth (m),
salinity (ppt), and location (latitude and longitude) were recorded at each sampling station.
The mean % cover of each individual SAV species (£standard deviation) was determined
by calculating the average across five replicate samples at each station. The total SAV %
cover across all species (versus bare sediment) was then calculated as the sum of the mean
% cover measurements for all SAV species observed at each station. The total SAV % cover
was then classified into low (0-30%), medium (30-60%), and high (60-100%).
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2.3. Deep Learning for Habitat Classification

In this study, a deep learning model based on the U-Net architecture was established to
classify the wetland habitat types (fresh forested wetland, fresh marsh, intermediate marsh,
brackish marsh, FAV, SAV (high, medium, and low), open water, and bare ground) using
Landsat 8/9-OCI. The model developed was named Wetland-SAV Network (hereafter,
WSAV-Net).

2.3.1. Remote Sensing Data and Processing

The Operational Land Imager (OLI) sensors onboard Landsat 8 and 9 platforms (Landsat
8/9-OLl) offers innovative opportunities for the long-term observation and monitoring of
coastal habitats with a medium spatial resolution at 30 m [66,67]. The orbits of these two
satellites are designed to shorten the revisit interval to substantially increase the temporal
resolution [68]. In this study, a total of seven Level-1C Landsat 8/9-OLI images (Table 1)
were downloaded from USGS Earth Explorer (https://earthexplorer.usgs.gov/, accessed on
31 May 2023). Landsat 8-OLI images obtained on 19 September 2015 were within £3 days of
historical field measurements of % cover (Section 2.2.1). The Landsat 8-OLI imagery obtained
on 15 October 2022 were within £5 days of field measurements of SAV % cover collected on
19 October 2022 (Section 2.2.2). Satellite images acquired in September/October were used
to capture the peak growing season for SAV, in addition to a period of low cloud cover. The
Level 1C images, which are top of atmosphere (TOA) reflectance (proa) were processed to
obtain bottom of atmosphere (BOA) Level-2A surface reflectance (ps). ENVI's FLAASH (Fast
Line-of-sight Atmospheric Analysis of Hypercubes) atmospheric correction tool was used
to complete the radiation calibration and atmospheric correction. Surface reflectance at six
original bands, including blue, green, red, near-infrared (NIR), shortwave infrared 1 (SWIR1)
and 2 (SWIR2) together with the normalization difference vegetation index (NDVI [69] and
the modified normalized difference water index; MNDWI [70] were used to generate a 8-band
composite image for WSAV-Net training (Figure 3).

Table 1. List of satellite data used in this study.

# Date Satellite Sensor File Name

1 28 October 2015 Landsat 8-OLI LC08_L1TP_023039_20151028_20200908_02_T1
2 30 October 2016 Landsat 8-OLI LC08_L1TP_023039_20161030_20200905_02_T1
3 17 October 2017 Landsat 8-OLI LC08_L1TP_023039_20171017_20200902_02_T1
4 23 October 2019 Landsat 8-OLI LC08_L1TP_023039_20191023_20200825_02_T1
5 26 September 2021 Landsat 8-OLI LCO08_L1TP_023039_20210926_20211001_02_T1
6 21 September 2022 Landsat 9-OLI LC09_L1TP_023039_20220921_20220923_02_T1
7 15 October 2022 Landsat 8-OLI LCO08_L1TP_023039_20221015_20221021_02_T1

2.3.2. Louisiana Wetland-SAV Network Model (WSAV-Net)

Land use land cover data (LULC) [71] containing 67 vegetation species across coastal
Louisiana were grouped into habitat types according to Visser and Duke-Sylvester [72]. These
data were then used to label 8-band composite imagery for the image acquired on 19 September
2015. However, the SAV habitat in the LULC map lacked % cover information. Thus, the SAV
% cover data obtained in September 2015 were used to identify SAV % cover as low, medium,
or high for the imagery acquired on 19 September 2015. As a result, a total of 2421 polygons
were characterized as one of 10 habitat types including fresh forested wetland, fresh marsh,
intermediate marsh, brackish marsh, FAV, SAV (high, medium, and low), open water, and
bare ground. These polygons were used for supervised classification using the support vector
machine (SVM) scheme, where the marshes and bare ground referrer to emergent habitats.
The 10-category habitat map from the supervised classification in combination with the 8-band
composite image acquired on 19 September 2015 was further cropped to image chips at fixed
size (128 x 128 pixels) to train WSAV-Net (Figure 3) to identify habitat types (n = 1802 chips).
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Figure 3. Preprocessing of training data for WSAV-Net and its architecture; (a) preprocessing pro-
cedure to export training data for deep learning; (b) example of training data and validation data
(chips) of WSAV-Net; (c) architecture of the WSAV-Net with 128 x 128 X 7 as the size of input data.

The encoder-decoder framework of WSAV-Net is a typical U-Net architecture (Figure 3).
This was used to extract landscape features and predict vegetation type labels. In WSAV-Net,
the encoding path is composed of 3 convolutional blocks including two 3 x 3 convolution
layers with a rectified linear unit (ReLU) activation (green arrows; Figure 3) followed by a max-
pooling layer with a 2 x 2 pool size. The input 8-band composite chips are down-sampled into
a series of feature maps through convolutional blocks. Each block in the decoder path consists
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of an up-sampling layer, a concatenation with the corresponding block from the encoder path,
and two convolutional layers. The last layer of the network isa 1 X 1 convolution (blue arrow;
Figure 3) with Sigmoid activation. An initial learning rate of 10~* was used. The training
batch size was set to eight and the epoch was set to 50, where epoch is defined as the one
entire passing of training data through the model. The WSAV-Net employed the Keras library
with TensorFlow with its learning processes trained using NVIDIA Tesla T4 GPU.

2.3.3. Habitat Percent Cover

To investigate the effect of changes in habitat % cover on the net GHG flux per hectare
(i.e., 100 m x 100 m), habitat maps with 30 m resolution produced from WSAV-Net were
converted into habitat % cover using 90 m resolution grids as shown in Equation (1).

. Y_Number of habitat pixel, x 30 m x 30 m
Habitat % cover; = i 1
abitat % cover; Areaofa90m x 90 m grid cell @

where Habitat % cover; refers to the percentage of coverage for the i-th habitat type, and
i represents one of 10 habitat types contained in each 90 m grid cell (i.e., fresh forested
wetland, fresh marsh, intermediate marsh, brackish marsh, FAV, SAV in high, medium, and
low, open water, and bare ground). The sum of all percentages of habitat types in each grid
cell equals 100%.

2.4. Carbon Balance Model

To quantify the carbon captured and stored in coastal habitats, a Net Ecosystem Carbon
Balance approach was used (NECB; [73]). This methodology is based on carbon fluxes
(e.g., g Cm~2 y 1) and is frequently used in ecological studies to assess the net carbon
balance (gain or loss) of coastal habitats [74-78]. Carbon fluxes of the aboveground net
primary productivity (ANPP), sediment/soil accumulation rates (Sed./Soilaccum.), as well
as methane (CH4) and nitrous oxide (N;O) emissions are commonly included in the coastal
habitat assessments that inform GHG inventories [79-81].

To assess the NECB of non-marine SAV habitats in Louisiana’s fresh and intermediate
environments, peer-reviewed literature, and scientific data were reviewed to obtain ANPP,
soil carbon accumulation rate, and CH,4 emissions; note that N,O was not considered in
the NECB calculation for SAV habitats due to limited data availability. Subsequently, CHy
emissions were converted into their carbon dioxide equivalent (COye) by multiplying by
a global warming potential (GWP) index value of 25 [81-84]. The mean value of all the
observational means (“global mean”) extracted from peer-reviewed literature and scientific
data was used to create an SAV carbon flux look-up table. All units in the look-up table
were converted into tonnes COpe ha~! y~! with a standard error of the mean (SE). For other
wetland habitats, the overall mean carbon fluxes were obtained from Baustian et al. [85,86]
(Supplementary Table S2).

The modified NECB is calculated based on habitat-specific carbon fluxes, as shown in
Equation (2).

NECB;= ANPP; + Sed./Soilsccum. i + GHG; )

where i represents 1 of 10 habitats considered in this study (i.e., fresh forested wetland,
fresh marsh, intermediate marsh, brackish marsh, FAV, SAV, (high, medium, and low), and
open water).

e  ANPP = aboveground net primary productivity which represents the live AG biomass
produced within one year (tonne COye ha~! y~1).

e  Sed./Soilaccum. = net carbon accumulation in sediment for SAV and open water or
in soils for wetlands (tonne COye ha~! y~1). Incorporates the live or net primary
productivity of belowground biomass, the accumulation of dead belowground biomass
of roots and rhizomes, aboveground litter, and allochthonous carbon [77].

e GHG = GHG emissions (tonne COse ha~! y‘l) including CH4 and N,O. CO; is
excluded because ANPP and Sed./Soilaccum. represent the net value of CO, balance.
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Combined uncertainty =

The net GHG flux of emissions (tonne COe) at each grid cell (90 m) was further
determined by the product of the NECB for each habitat and its corresponding habitat
area [74], as shown in Equation (3).

Net GHG fIUXgrid cell = Z NECB; x F; x Areagrid cell 3)

i=1 to 10

where i represents one of 10 habitats considered in this study (i.e., fresh forested wetland,
fresh marsh, intermediate marsh, brackish marsh, FAV, SAV (high, medium, and low), open
water, bare ground). F; represents % cover of habitat;. The % cover of SAV in high is set
to 100%. The % cover of SAV in medium and low categories were set to 56% and 19%,
respectively, using the median values of each classification. A positive value for the net
GHG flux indicates a GHG source to the atmosphere and a negative value indicates a net
GHG sink from the atmosphere.

2.5. Accuracy Analysis

Four evaluation indices were used to assess the accuracy of the WSAV-Net classification:
probability of false detection (Pf), precision, recall, and F; score. The F; score is the measure
of a model’s accuracy on a dataset, which is a way of combining the precision and recall of
the model and is defined as the harmonic mean of the model’s precision and recall [87]. The
precision, recall, and F; scores were calculated for all classes using a macro-average method
(an equal weight per class); for more details, refer to Supplement S1.

Furthermore, uncertainty analyses were conducted for (1) carbon fluxes (ANPP,
Sed./Soilaccum., and GHG emissions) per habitat; (2) NECB estimations per habitat; and
(3) net flux of GHG emissions for the study area based on U.S. Environmental Protection
Agency (EPA) method [81]. The percentage of uncertainty (% uncertainty) in the carbon
fluxes was calculated based on the standard error (SE) and the mean of carbon flux as seen
in Equation (4).

carbon fluxgg

Percentage uncertainty = ( —
carbon fluxmean

) x 100% @)

The combined uncertainty was further calculated for NECB using the simple error
propagation method, see Equation (5) [88-90]:

2 2 2
\/(ANPP% uncertainty> + (Sed-/ Soil accum.y, uncertainty) + <GHG emissionse, uncertainty) 5)

3. Results
3.1. Field Observations of SAV Percent Cover

Overall, the SAV communities observed in transects A-D in 2022 were primarily
dominated by Vallisneria americana and Najas guadalupensis (Table 2). The dominant species
observed at each station and their % cover are provided in Table 2 (columns 4 and 5,
respectively). The measured SAV % cover ranged from 61% (transect A, site 3) to 95%
(transect D, site 2) in the high category, 35% (transect B, site 4) to 44% (transect C, site 5)
in the medium category, and 16% (transect C, site 6) to 27% (transect A, site 4) in the low
category (Table 2). It was observed that the SAV habitat characterized as low % cover was
primarily composed of N. guadalupensis, whereas medium and high % cover areas were
dominated by V. americana. For example, V. americana was the primary species observed
in transect A, and mean SAV % cover was observed to decrease along the transect (A1-4),
with the highest SAV % cover observed at the station closest to the emergent marsh (Al:
79%), decreasing with greater distance from the marsh (A4: 27%). Species composition
along transect B was primarily V. americana and N. guadalupensis, with three of the four
sites classified as high SAV % cover. Sampling sites C1-6 were divided into two transects
with three sampling sites in each (Figure 2). V. americana and N. guadalupensis were also the
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dominant SAV species present in transects C and D; as in transect A, the % cover decreased
with increasing distance from the emergent marsh.

Table 2. Field observation of SAV % cover (% of quadrat covered with SAV vs. bare sediment)

obtained from the Atchafalaya River Delta in October 2022; assigned categories of SAV cover were
0-30% (low), 30-60% (medium), and 60-100% (high).

SAV % Cover

SAV % Cover

Coziia;riﬁlVF:/Zl d pategorized from Classified fr(?m Dominant Species Dor:f)ilf;(:;z;efcies Ssa gtf(l)inr;g
Field Measurements Remote Sensing
61% High SAV medium V. americana 46% A3
64% High SAV medium V. americana 63% C4
64% High SAV medium V. americana 64% D3
72% High SAV high V. americana 72% Cc2
73% High SAV high N. guadalupensis 67% B3
75% High SAV high V. americana 73% A2
79% High SAV high V. americana 73% Al
85% High SAV high V. americana 85% B2
86% High SAV high N. guadalupensis 63% Bl
95% High SAV high V. americana 93% D2
35% Medium SAV low N. guadalupensis 19% B4
44% Medium SAV medium V. americana 44% C5
51% Medium SAV medium V. americana 51% C1
16% Low SAV low N. guadalupensis 15% Co
22% Low SAV low N. guadalupensis 18% D4
23% Low SAV low N. guadalupensis 11% C3
27% Low SAV low V. americana 27% A4

Total % cover of SAV observed from field observations were further compared with WSAV-Net output of SAV %
cover (Section 3.3.1).

3.2. Carbon Flux Look-Up Table

Carbon flux data were limited for fresh and intermediate salinity SAV habitats in Louisiana
(Table 3); thus, the Sed.accum. and GHG emissions from SAV habitat were obtained from studies
conducted outside of Louisiana whose primary focus was the same fresh/intermediate SAV
species as that reported in Louisiana. The mean ANPP from the literature ranged from —0.27
to —2.50 tonne COse ha~! y~! and the overall mean (£SE) was —1.40 (4-0.31) tonne CO,e
ha—! y’1 (Table 3). From these studies, the overall mean Sed.;ccum. was —11.7 £ 6.1 tonne
COze ha! y~l. SAV habitats were observed to sequester more carbon compared to open
water habitats (—8.6 & 6.3 tonne CO,e ha~! y~1; Supplement S2). GHG gas flux estimates
for this study were based on the values of CH4 emissions observed in fresh-intermediate
salinity SAV habitats. The mean GHG flux was 3.20 + 0.79 tonne COe ha~! y~!. Given
the limited availability of NoO measurements, mean GHG fluxes relied exclusively on CHy
flux measurements obtained from literature sources. These measurements were derived using
distinct methodologies, encompassing static chamber measurements [91,92] and the application
of the eddy covariance system [93] (Table 3). Such methodological differences may introduce
uncertainties in CHy flux assessment for SAV habitats.
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Table 3. Major carbon fluxes (ANPP, sediment accumulation rate, and GHG emissions) for fresh and
intermediate salinity SAV habitats extracted from the literature. Carbon flux values that could not be
sourced from the literature are represented by N/A.

Area of Interest (Location) Salinity (ppt) Carbon Fluxes (Tonne CO2e ha=1y—1)
ANPP Sed.accum. GHG fluxes Citation
Wauliangsu Lake, China Fresh N/A N/A 4.73 [91]
Luanhaizi wetland, China Fresh N/A N/A 2.84 [92]
Lake Taihu, China Fresh N/A N/A 2.04 [93]
Everglades Stormwater Treatment Areas, FL 0-10 N/A —17.8 N/A [94]
Indoor mesocosm of Myriophyllum spicatum Fresh N/A —5.60 N/A [95]
Mississippi River Delta Plain, LA 0-0.2 —2.34 N/A N/A [20]
Mississippi River Delta Plain, LA 0.2-7.2 —2.50 N/A N/A [20]
Fresh and intermediate marsh SAV, LA 0.5-5 —2.50 N/A N/A [96]
Gulf coast sites 0-0.5 —1.32 N/A N/A [19]
Atchafalaya delta, LA 0.5-5 —0.27 N/A N/A [1]
Birds foot delta, LA 0.5-5 —1.70 N/A N/A [97]
Chenier Plain, LA 0.5-6.5 —0.34 N/A N/A [98]
Barataria bay, LA 0.5-5 —0.47 N/A N/A [99]
Rockefeller State

Wildlife Refuge, LA 0-6 —078 N/A N/A [100]

Overall mean £ SE - —1.40 £0.31 —-11.7 £ 6.1 320+ 0.79 -

The SAV habitat area contained a mix of open water and SAV species; as such, ANPP
for both open water and SAV habitats were included in the NECB for SAV habitats. Open-
water ANPP for the whole cell was added to SAV ANPP, pro-rated by the mean % cover
of SAV. ANPP from the open water habitat was added to SAV ANPP to account for the
phytoplankton production in the water column above benthic SAV communities. Therefore,
the total NECB of SAV habitats (SAV plus overlying water column) in the study area was
—13.6 £ 7.9 tonne COze ha~! y~! (Supplement S2). In addition, the fresh forested wetland
(NECB = —0.7 4 0.4 tonne CO,e ha~! y~1) served as another GHG sink within the study
area (Supplement S2). There were limited available literature values for ANPP, Sed.accum.,,
and GHG emissions for FAV habitats; therefore, FAV was combined into a fresh marsh
for further analysis. Lastly, all other habitats in the study area were considered as GHG
sources (including fresh and intermediate marsh) due to the assumed higher CH, emission
in fresh and intermediate marsh environments [101,102]. The emergent bare ground in the
study area was not modeled in this analysis and thus was assumed to have net zero carbon
fluxes for all calculations.

3.3. Remote Sensing of Habitats
3.3.1. Deep Learning Model Performance

The accuracy of the trained WSAV-Net was 83.7% with F; scores ranging from 58.2 to
98.4% (Table 4), indicating an overall good performance of WSAV-Net when classifying
habitats from remote sensing imagery [103,104]. The lowest F; score was observed for
brackish marsh due to limited training and validation data. Furthermore, the loss function
(or learning curve) of a well-performing U-Net model is expected to show a decreasing
asymptotic curve over time [105]. This was the case for the learning curve of WSAV-Net,
showing a high training and validation loss at the beginning which decreased to a point of
stability with increasing training samples (Figure 4). The gap between the validation and
training loss shrinks after each epoch, with a minor difference between the validation and
training loss. This illustrates the typical feathers of the learning curve of a good model [106].
In addition, the learning curve is also known to be an efficient approach by which to identify
overfitting and underfitting problems [105]. In this study, based on the learning curve, no
under- or over-fitting issues were detected. A model which is overfitting will learn training
data perfectly with the result that the model misclassifies unseen data. Thus, the learning
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curve of an overfitting model has a low training loss at the beginning, which gradually
increases with slightly increasing training data and does not reach an asymptote [106].
In addition, the training and validation losses of an overfitting model are far away from
each other, which also was not seen in the learning curve from this study. In contrast, the
learning curve of an underfitting model, which is unable to recognize meaningful patterns
in the data, could be flat or noisy regardless of the amount of training data. Additionally,
a gradual increase in training loss at the beginning and sudden dip in both training and
validation losses at the end without approaching an asymptote can indicate a model that is
underfitting [105].

Table 4. The metrics of WSAV-Net, including precision, recall, and F; score, for coastal habitat
classification from remote sensing imagery.

Maetrics . . o o o Overall Accuracy
Habitats Precision (%) Recall (%) F; Score (%) %)
Fresh forested wetland 81.2 71.9 76.4
Fresh marsh 86.4 73.2 79.8
Intermediate marsh 74.3 83.1 78.7
Brackish marsh 52.3 64.2 58.2
FAV 79.1 79.5 79.2 86.7%
SAV high 80.5 77.4 78.9
SAV medium 69.3 719 70.6
SAV low 78.5 69.3 79.2 78.9
Open water 97.3 99.6 98.4
71 .
—— Training loss
—— Validation loss
6 -
5 -
:
5 4
&
8 3
24

0 150 300 450 600 750 900 1050
Batch processed

Figure 4. Learning curves including training and validation loss for WSAV-Net.

Field observations of SAV % cover collected in 2022 demonstrated that the WSAV-Net
could successfully identify both a high and low % cover of SAV (Table 2). There were
some differences, namely that WSAV-Net classified the SAV with up to 65% cover as a
break point for the SAV medium, which was higher than the manually classified 60%. For
example, there were nine sampling sites with SAV % cover in the range of 60-100%. Only
six of these were classified as SAV high by WSAV-Net, and the remainder were classified as
SAV medium (A3: 61%, C4: 62.6%, and D4: 64%). In comparison, for low-abundance SAV
sites, with an SAV % cover of less than 30%, WSAV-Net correctly classified them all as SAV
low. Therefore, based on the classification from WSAV-Net, % cover in the range of 0-30%
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was effective for detection as the SAV low. However, the SAV medium and high were more
likely to be detected using the ranges of 30%—-65% and >65%, respectively.

3.3.2. Habitat Changes from 2015 to 2022

Habitat maps that characterized eight habitat types were developed for the years 2015,
2016, 2017, 2019, 2021, and 2022 (Table 1, Figure 5). Overall, approximately half of the study
area was dominated by fresh or intermediate marsh habitats for the years quantified, and
the remaining area was open water. The spatial coverage of fresh forested wetlands stayed
relatively constant during the study period. The area of SAV habitat was relatively stable
between 2015 and 2017, with a minor decline from 3465 ha (2015) to 3123 ha (2017). Most of
the areas classified as SAV showed medium-to-high density during the years 2015-2017.
The SAV habitat area was observed to decrease from 3125 to 688 ha in 2019, of which 556 ha
was classified as medium SAV % (30-65%) cover while the open water habitat areas sharply
increased (Figure 6). Although the exact reason for the decline in SAV during the peak
growing season of July-October 2019 has not been confirmed yet, it is essential to consider
external environmental factors that could potentially contribute to this reduction. Notably,
the year 2019 experienced extreme flooding conditions, characterized by record-breaking
discharges from both the Mississippi River and Atchafalaya River [107]. The unprecedented
flooding during this period led to increased turbidity and sedimentation, which reduced
the light penetration to SAV and likely hindered the photosynthetic processes crucial for
the growth and survival of SAV [2]. In addition, Hurricane Barry made a landfall as a
Category 1 hurricane on Marsh Island, Louisiana, with a maximum reported storm-total
rainfall of 580 mm near Ragley, Louisiana [108]. The two deltaic islands are approximately
70 km to the east of Hurricane Barry’s track and were exposed to the highest measured
storm surge from that storm (~1.86 m near Eugene Island, Louisiana). Barry’s heavy
rains elevated river flow rates (9601 m® s~!) during a flood year (2019) compared to pre-
hurricane conditions (8438 m? s~!) and caused flooding along the banks of the Atchafalaya
River near Morgan City, Louisiana (Figure 6). Hurricanes may have inflicted physical
damage onto SAV through wave action, and strong currents, uprooting or burying SAV
plants and disrupting their growth [109]. The recovery of SAV was not observed until
April 2020. However, identifying the exact SAV recovery time following Hurricane Barry
and the 2019 flooding event proved to be challenging due to the unavailability of clear
imagery during the peak growing season (September-October) of 2020. The lack of suitable
imagery during this critical period hindered our ability to precisely assess the timing and
extent of SAV recovery following the extreme weather events in 2019. In addition, major
hurricanes in 2020 (Supplement S3), such as Hurricane Laura (Category 4) and Hurricane
Zeta (Category 2), may have impacted SAV habitats in the Atchafalaya River Delta Estuary.
In 2021, another major hurricane (Hurricane Ida; Category 4) made landfall on 29 August
2021 near Port Fourchon [110]. The highest water levels surrounding the two river deltas
during that storm were measured at Eugene Island in Atchafalaya Bay (0.5 m MHHW
(mean higher high water); Supplement S3; [110]). The SAV habitat area observed in 2021
(post-Ida) was nearly 1449 ha, which was still less than the pre-hurricane levels (2015-2017).
In 2022, the Atchafalaya River experienced the lowest discharge (3125 m® s 1) measured
during the study period. The aerial extent of SAV recovered to the pre-2019 (Hurricane
Barry) conditions of approximately 3284 ha. Throughout this area, more than two-thirds of
the SAV was medium % cover. The newly deposited sediment (bare ground) was primarily
observed near the head of Wax Lake Delta, prograding into the adjacent freshwater zone.
An increase in FAV was observed along the edges of the deltaic islands as well as within the
inundated areas of both deltas post Hurricane Barry. Details of each habitat can be found
in Supplement S3.
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Figure 5. Timeseries of habitats including fresh forested wetland, fresh marsh, intermediate marsh,
brackish marsh, FAV, SAV, open water, and bare ground from WSAV-Net.
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Figure 6. Changes in the habitat area in target years (i.e., 2015, 2016, 2017, 2019, 2021, and 2022). The
black line represents the Atchafalaya River mean discharge. SAV = submerged aquatic vegetation.
FAV = floating aquatic vegetation.

3.4. The Effect of SAV on Net GHG Flux

The carbon fluxes (Section 3.2) and habitat area (Section 3.3) were used to estimate
the net GHG fluxes of the study area using a carbon balance model. The calculations of
net GHG flux were conducted under two scenarios: a with SAV scenario and a without
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SAV high

Fresh forested
wetland

Brackish marsh

Emergent bare ground

SAV scenario for the years 2015, 2016, 2017, 2019, 2021, and 2022. In the carbon balance
model, habitat maps with 30 m resolution were first converted into habitat % cover using
90 m grids (i.e., 0.81 ha) for the target years. The SAV with different % covers (e.g., SAV
high, SAV medium, and SAV low) were considered separately with a different ANPP in
carbon calculations by multiplying SAV % cover to the SAV ANPP, estimated from the
literature values (Table 3). For the carbon fluxes of SAV habitats from Sed.sccum. and GHG,
the same carbon fluxes were used regardless of the SAV % cover, as the effect of SAV %
cover on Sed.accum. and GHG emissions could not be quantified based upon the available
data extracted from the published literature. An example of habitat % cover for ten habitats
generated for the year 2015 is shown in (Figure 7). It was noted that FAV was observed
to be more widely distributed in the Wax Lake Delta relative to the Atchafalaya Delta.
SAV dominated the area along the margins of wetlands. Emergent bare ground was more
aggregated adjacent to the head of Wax Lake Delta, transgressing to open water area. The
habitat % cover for other target years can be found in Supplementary Figure S3.

Intermediate
marsh
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Figure 7. An example of habitat % cover maps for the study area for eight habitats in 2015, with a habitat
map produced by the remote sensing analysis. SAV = submerged aquatic vegetation. FAV = floating
aquatic vegetation.

3.4.1. Net GHG Fluxes

Net GHG fluxes were estimated as a product of the habitat % cover and NECB for the ten
habitats. For the without SAV scenario, carbon fluxes for the open water (e.g., ANPP, Sed.accum.,
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and GHG values) were assigned to SAV habitats in the carbon balance model. The estimated
net GHG flux (without SAV scenario) for the study area presented a larger CO, sink in 2019
(—0.09 + 0.04 MMT COse y~!; Figure 8a) than in 2022 (—0.01 & 0.01 MMT CO,e y~!; Figure 8a).
The negative and positive values of net GHG fluxes represent net atmospheric carbon sinks and
sources, respectively. The increase in net GHG sink from 2016 to 2019 resulted from a reduced
area of fresh-intermediate marsh and increased the area of open water habitats. In the study
areas, the major net CO, sources were fresh marsh and intermediate marsh, while the open water
habitat was the dominant CO, sink in the without SAV scenario (Supplementary Figure S2).

0.3
(a) Without SAV (b) With SAV W Fresh Forested Wetland
02 Fresh Marsh
5 T 01 Intermediate Marsh
-
< 5 FAV
O «
T 8 0.0
E e m SAV
%
z3
£-01 B Open Water
02 B Emergent bare ground
= = -0.01
-0.08 003 006 g9 ~0-04 —0.09 -0.05 _go7 -0.09 ~0.04 -0.02| @Net
-0.3
2015 2016 2017 2019 2021 2022 2015 2016 2017 2019 2021 2022
Year Year

Figure 8. Changes in the total net flux of GHG emissions of habitats for (a) without SAV and (b) with
SAV scenarios for target years in the study area (Figure 7; total study area is 43,460 ha). Mean and
standard error of net flux of GHG emissions are reported. SAV = submerged aquatic vegetation.
FAV = floating aquatic vegetation.

For the with SAV scenario, the estimated net GHG sinks ranged from —0.02 & 0.01 to
—0.09 £ 0.04 MMT COse y~! during the study period, resulting in an overall higher CO,
sink observed relative to the without SAV scenario. The inclusion of SAV in the carbon balance
model increased net GHG sinks, with the greatest carbon sinks from SAV habitats observed in
year 2016 (—0.04 + 0.02 MMT COye y~!; Supplement S4), which contributed to an estimated
more negative GHG flux (—0.05 4 0.02 MMT CO,e y~!) in comparison to without SAV scenario
(—0.04 4 0.02 MMT COse y~!). The smallest difference in estimated net GHG fluxes (3.5%
difference) was observed in 2019 between with SAV scenario (—0.089 + 0.04 MMT COse y’l)
and without SAV scenario (—0.086 + 0.04 MMT COye y_l) due to the significant loss of
SAV post-Hurricane Barry (Supplement S4 and Supplement S5). Despite the significant
loss of SAV habitat after Hurricane Barry in 2019, the estimated net GHG sinks in both
scenarios were higher than other years, which was associated with an increase in open water
area (Figure 8) due to extreme flooding (Figure 6). Details of each habitat can be found in
Supplement S4. Overall, a significant difference of estimated net GHG fluxes between with
SAV and without SAV scenarios among years was observed due to the high Sed.accum. of SAV
habitats (—11.7 + 6.1 tonne COe ha~! y~1; Supplement S2) combined with the ANPP from
phytoplankton in the water above the SAV.

3.4.2. Spatial Distribution of Net GHG Fluxes

Spatial distribution maps of estimated net GHG fluxes without SAV and with SAV
scenarios, as well as difference maps, were produced for each target year. Examples of
net GHG fluxes (90 m resolution) in 2015 are shown in Figure 9a,b (results of other years
in Supplement S5). The difference in the net GHG flux between without SAV and with
SAV scenarios demonstrated that the SAV increased the estimated net GHG sink by up to
60% (~—5.0 x 10® MMT COse ha~! y~1) in the open water habitat (Figure 9¢). For both
scenarios, areas representing a CO, source to the atmosphere were highly dominated by
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fresh—intermediate marsh. For the without SAV scenario (Figure 9a), the areas estimated
to be a CO; sink in the range of —5.0 to —9.0 x 107 MMT COse ha~! y~!) were open
water habitats. Under the with SAV scenario estimates (Figure 9b), emergent areas were
dominated by fresh-intermediate marsh (net CO; sources) and were fringed with net
GHG sink SAV habitats (ranging from —10 to —15 x 107 MMT COse ha~! y~!). The
distribution of the net GHG fluxes of SAV in the study area estimated that ~1600 ha of the
SAV habitat (i.e., about 50% of total SAV habitats (3225 ha) had a net GHG flux between
—14.0and —11.0 x 107 MMT COse ha~! y~! in the study area in 2015 (Figure 9d). Spatial
distribution maps of the estimated net GHG fluxes and comparisons between without SAV
and with SAV scenarios for other target years are presented in Supplementary Figure S5.
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Figure 9. Comparison between the spatial distribution of net GHG flux in 2015: (a) net GHG flux for
without SAV scenario and (b) net GHG flux of with SAV scenario; (c) differences between with SAV
and without SAV, and (d) distribution of net GHG flux from SAV. Note that 10~® MMT is more simply
MT, provided as MMT for comparison throughout.

3.4.3. Dynamics of Net GHG Fluxes Pre- and Post-Hurricanes

The effects of hurricanes on net GHG fluxes were investigated by comparing the
results from before and after hurricanes Barry and Ida (Figure 10). In 2017, SAV area and



Remote Sens. 2023, 15, 3765

17 of 24

Net GHG Flux (MMT CO,e yr %)

0.00
-0.01
-0.02
-0.03
-0.04
-0.05
-0.06
-0.07
-0.08
-0.09
-0.10

net GHG flux were 3125 ha and —0.04 MMT COse y !, respectively. In comparison, a
dramatic decrease in the net GHG flux within the SAV habitat area was observed in 2019
due to a reduction in SAV habitat in the study area (Figure 6). The SAV habitat area was
reduced to 688 ha (22% of 2017 SAV area) in the months following Hurricane Barry and
extreme flooding event in 2019. As such, the estimated net GHG flux of SAV also reduced
to —0.01 MMT COze y~! in September 2019. In the years post-hurricane, the SAV habitat
expanded and was approaching pre-hurricane extent by 2022 (Figure 10). In 2022, during
hurricane season, no major storms occurred. During that year (one year after Hurricane Ida
and three years after Hurricane Barry), the SAV habitat increased in area with an estimated
contribution to net GHG flux equivalent to 77% of the 2017 net GHG flux.
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Figure 10. Changes in the estimated net GHG fluxes and SAV area before and after hurricanes Barry
(2019) and Ida (2021) in the study area.

4. Discussion
4.1. SAV Habitat Dynamics and Carbon Fluxes

SAV communities are sensitive to short-term changes in environmental conditions [96,111].
The spatial distribution and abundance of SAV in the study area was more dynamic than in
other coastal habitat types due to the area’s hydrodynamics (e.g., water level) and water quality
(e.g., turbidity and salinity; [19]). Two major hurricanes occurred during the study period
prior to significant temporary decreases in the SAV spatial extent and density throughout
the study area. Major storm events and their associated storm surge can increase salinity,
turbidity, and wave energy in shallow coastal habitats [112,113]. These major shifts in
abiotic conditions have the potential to negatively affect SAV and its associated biota.
Frazer et al. [114] observed the increased mortality in both V. americana and M. spicatum
after seven days of exposure to increased salinity. Similarly, the SAV recovery in the study
area post-hurricane was slow due to continued high water and turbid conditions (from
increased river flow), and additional storms (2019-2021 hurricane seasons). However, the
SAV rebounded in a single growing season when no major storms or hurricanes occurred
(2022 hurricane season). As the impact of hurricanes on SAV habitats can vary depending
on various factors such as the intensity and duration of the storm, the location of landfall,
and the pre-existing condition of the habitat, methods such as remote sensing can be used
to regularly monitor the impact of such events on SAV habitats. High-resolution satellite
imagery, such as Sentinel 2-MS], can also provide detailed information on the seasonal
dynamics of SAV, enhancing the temporal observations of SAV habitats. This increased
temporal resolution aids in understanding how SAV habitats respond to extreme events
and assessing the SAV recovery time. This valuable information could be used to better
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understand the variability and resilience of SAV meadows, informing management and
restoration planning.

Due to the reported high spatial and temporal variation in SAV cover in this region [17,19],
the estimation of the net GHG flux for this study was based on existing habitats in the
target years in the carbon balance model, rather than on continuous estimates over time
(accounting for habitat conversions). Studies of emergent coastal wetlands have estimated
carbon loss as emergent wetland converts into open water, ranging from 20% to 100% of
soil carbon [115-117]. However, similar estimates related to carbon loss in SAV have not
been documented, particularly for fresh- and intermediate-salinity SAV species. Thus, the
fate of carbon from lost SAV meadows is highly uncertain and requires further empirical
field measurements to reduce uncertainty in the annual estimates of SAV net GHG flux.
In coastal Louisiana, projections of emergent wetland loss and the associated potential
increase in SAV in shallow open water habitats makes investigating carbon capture and
sequestration in the sediments of these open water areas increasingly important to reduce
uncertainty in the estimates of coastal habitat net GHG fluxes.

4.2. SAV Contributions to Net GHG Flux

To evaluate the potential contribution of SAV to net GHG flux, 43,460 ha of the
Atchafalaya River Delta Estuary was selected to estimate GHG emissions under two
scenarios—uwithout SAV and with SAV—in the target years (i.e., 2015, 2016, 2017, 2019, 2021,
and 2022). For both scenarios, open-water habitats dominated the net GHG sinks and
accounted for 57% of the study area. Accounting for SAV in open-water areas increased
the total net GHG sinks by up to 40% in the study area. Based on available literature,
SAV has a high Sed.accum. and slightly higher NECB than open-water habitats [18,118,119].
However, for the entire 43,460 ha study area, the total net GHG sinks from SAV were
lower than for open water due to their much smaller spatial extent (i.e., SAV covered
~12% of the area of the open water). When considered at a hectare scale, open-water areas
dominated by SAV increased the net GHG sink by about 60% in comparison with open
water without SAV (Figure 9¢c). It was also observed that the presence of SAV could switch
the net GHG flux from source to sink, depending on the fractions of SAV in mixed habitats
with freshwater/intermediate marshes. Therefore, the contribution of carbon sinks from
SAV in fresh-intermediate aquatic habitats is valuable to include in hectare-scale net GHG
flux accounting.

4.3. Future Methane Quantification

SAV habitats store most of their carbon in the underlying sediments [120], which are
water-saturated and thus often anoxic. This lack of oxygen slows microbial decomposi-
tion processes and enhances the ability of SAV habitats to sequester and store carbon
over long timeframes. However, this same anoxia also creates favorable conditions for
methanogenesis—especially in freshwater and oligohaline (i.e., salinity < 5 ppt) habi-
tats [101,121]. The flux of CHy4 from SAV habitats is highly variable across both temporal
and spatial scales, which introduces considerable uncertainty into NECB calculations; for
instance, the CH, emission data used in this study were obtained from other regions with
some same SAV species to those found in the Atchafalaya River Delta Estuary, which may
introduce regional differences and further enhance the uncertainties. Given that CHy has a
GWP 25-34 times higher than CO, per mole of carbon during a 100-year period [122], even
modest amounts of methane emissions can profoundly impact an SAV habitat’s overall
GHG emissions, potentially shifting an SAV habitat from a net sink to a net source of GHG.
Therefore, there is a critical need to better comprehend and quantify the geochemical, hy-
drological, ecological, and microbial processes that drive CH, emissions from SAV habitats.
We emphasize the importance of undertaking field data collection efforts for CH4 emissions
from SAV habitats. Such efforts will be essential to clarify the potential for the conservation
and restoration of SAV habitats as an effective strategy to mitigate climate change [76,123].
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5. Conclusions

This study provides a novel estimation of the carbon sequestration capacity for SAV in
fresh-intermediate waters. The SAV species were primarily V. americana and N. guadalupensis,
growing in the prograding deltaic system in the Atchafalaya Basin, Louisiana, which consti-
tutes a large carbon sink in these marshes, with an NECB ~—9.9 + 6.1 tonne COe ha~! y~1.
The grand total of the net GHG flux for the 47,000 ha was in the range of —0.01 % 0.01 to
—0.09 £ 0.04 MMT COye y !, which increased to —0.02 £ 0.01 to —0.09 + 0.04 MMT COze y !
when SAV was included. Even though SAV covered only (up to) 8% of the total area in 2015,
including SAV in the net GHG flux calculations increased the net GHG sink by up to 40%
(—0.05 + 0.02 MMT COye y!). This is the first quantification to suggest that accounting
for the occurrence and abundance of SAV within annual net GHG flux calculations over
47,000 ha of mixed fresh and intermediate wetlands can shift the net carbon flux from a net
GHG source to a net GHG sink. Furthermore, given the patchy distribution of SAV along
shallow emergent marsh edges, at the hectare scale, the inclusion of SAV resulted in an
increase of ~60% of the net GHG sink in shallow areas adjacent to emergent marsh where
SAV was abundant. However, a state of the science literature review conducted in this study
revealed that the field measurements of carbon fixed by SAV as well as GHG emissions
from SAV (e.g., CHs and N;O) were limited for non-marine SAV. Therefore, this study
emphasizes the importance of collecting direct field measurements of GHG exchanges
for non-marine SAV species in fresh- and intermediate-salinity coastal areas to reduce
uncertainties and better characterize the role of SAV in net GHG flux. The known high
spatial and temporal variability of non-marine SAV species has historically been a major
barrier to the regular mapping of spatial distribution and biomass over large areas. This
study successfully integrated a deep learning approach and satellite imagery to spatially
identify non-marine SAV at high, medium, and low % cover in the shallow but highly
turbid waters of a large river delta using WSAV-Net with an accuracy of 86.7%. Remote
sensing and deep learning models have high potential for the mapping and monitoring
of SAV in turbid sub-tropical coastal deltas as a component of increasing accuracy of net
GHG flux estimates at small (hectare) and large (coastal basin) scales.
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