
1. Introduction
As sea level rises (SLR) and subsidence rates accelerate, coastal wetlands survival is determined by their ability 
to increase their surface elevation (Morris et al., 2002). In this accretionary process, wetlands heavily rely on 
vegetation to enhance deposition of suspended mineral sediment transported by tidal currents and storms, and 
on the accumulation of organic matter derived from vegetation (Booth et al., 2000; Christiansen et al., 2000; 
Nyman et al., 2006). However, in the last decades, the availability of mineral sediment from rivers has dropped, 
increasing the vulnerability of wetlands and deltas (Syvitski et al., 2009; Weston, 2014). In the particular case of 
the Louisiana's Mississippi River Delta Floodplain (MRDF), high rates of SLR (Sweet et al., 2022), enhanced 
subsidence due to human activities (Törnqvist et al., 2008), and a heavily reduced mineral sediment supply due 
to extensive damming (Blum & Roberts, 2009) have resulted in a loss of around 5,000 km 2 of wetland area in 
the last century (Couvillion et al., 2017). Therefore, it is imperative to characterize the spatial variability of the 
contribution of vegetation to soil accretion (i.e., organic accumulation rates) and environmental stressors that 
compromises plants productivity.

The classification of coastal wetlands in Louisiana is based on plant species and salinity, and vegetation cover is 
generally divided into saline, brackish, intermediate, and fresh (Nyman et al., 1993). With the only exception of 
the active deltas in the Atchafalaya Basin and the Mississippi birdfoot, brackish and freshwater wetlands located 
inland have suffered high losses with a consequent expansion of salt marshes (Chabreck & Linscombe, 1982; 
Valentine et al., 2021).

Abstract Vegetation is a key component controlling soil accretion in coastal wetlands through production 
of belowground organic matter and enhanced deposition of mineral sediments. Vegetation structure is a proxy 
for wetland health and degradation that can be monitored at large scales with remote sensing. Among different 
multispectral indices, the Normalized Difference Vegetation Index (NDVI) is generally used for this purpose. 
Using Google Earth Engine (GEE), NDVI time-series are extracted around 45 monitoring stations of the 
Coastwide Reference Monitoring System (CRMS) located in Terrebonne Bay, Louisiana, USA. NDVI tends 
to increase from saline to freshwater wetlands. Using these NDVI observations and in situ measurements of 
salinity, soil accretion rates, and geomorphic metrics (i.e., elevation, distance from the bay or from the nearest 
channel bank), empirical models were developed to derive maps of organic mass accumulation rates and 
salinity. The analysis shows that NDVI can be used to reproduce the salinity gradient in Terrebonne Bay, as the 
index captures differences in vegetation cover, which depend on salinity. A negative relationship between NDVI 
and organic accumulation mass rates is also found, indicating that saline marshes tend to accumulate more 
organic material compared to fresh wetlands.

Plain Language Summary Coastal wetlands need to increase their elevation to counterbalance 
relative sea level rise. This process is achieved through deposition of mineral sediment and organic matter 
produced by local vegetation. The latter contribution becomes fundamental in areas lacking mineral supply. In 
this study, we show that it is possible to leverage on the Normalized Difference Vegetation Index (NDVI), a 
very common remote sensing indicator, to derive the contribution of vegetation to soil accumulation. Moreover, 
the same index can be used to derive the distribution of salinity. These results can be achieved because NDVI is 
related to the general plant type, which changes when we move from saline to freshwater wetlands.

CORTESE ET AL.

© 2023. American Geophysical Union. 
All Rights Reserved.

Using Normalize Difference Vegetation Index to Infer 
Wetlands Salinity and Organic Contribution to Vertical 
Accretion Rates
L. Cortese1  , D. J. Jensen2  , M. Simard2  , and S. Fagherazzi1 

1Department of Earth and Environment, Boston University, Boston, MA, USA, 2Jet Propulsion Laboratory, California 
Institute of Technology, Pasadena, CA, USA

Key Points:
•  Average NDVI values are used to 

derive distribution of salinity and 
organic mass accumulation rates in 
Terrebonne Bay, Louisiana

•  NDVI reflects different plant types in 
the wetlands of Terrebonne Bay

•  On average 0.065 g cm −2 yr −1 of 
organic mass are accumulated on a 
yearly basis in Terrebonne Bay

Supporting Information:
Supporting Information may be found in 
the online version of this article.

Correspondence to:
L. Cortese,
lucacort@bu.edu

Citation:
Cortese, L., Jensen, D. J., Simard, M., & 
Fagherazzi, S. (2023). Using normalize 
difference vegetation index to infer 
wetlands salinity and organic contribution 
to vertical accretion rates. Journal of 
Geophysical Research: Biogeosciences, 
128, e2023JG007631. https://doi.
org/10.1029/2023JG007631

Received 13 JUN 2023
Accepted 1 NOV 2023

Author Contributions:
Conceptualization: L. Cortese, S. 
Fagherazzi
Data curation: L. Cortese
Formal analysis: L. Cortese
Funding acquisition: L. Cortese, S. 
Fagherazzi
Investigation: L. Cortese, D. J. Jensen, 
M. Simard, S. Fagherazzi
Methodology: L. Cortese, S. Fagherazzi
Project Administration: S. Fagherazzi
Resources: L. Cortese
Software: L. Cortese
Supervision: L. Cortese
Visualization: L. Cortese, S. Fagherazzi
Writing – original draft: L. Cortese
Writing – review & editing: D. J. 
Jensen, M. Simard, S. Fagherazzi

10.1029/2023JG007631
RESEARCH ARTICLE

1 of 17

https://orcid.org/0000-0003-1318-477X
https://orcid.org/0000-0003-3331-2847
https://orcid.org/0000-0002-9442-4562
https://orcid.org/0000-0002-4048-5968
https://doi.org/10.1029/2023JG007631
https://doi.org/10.1029/2023JG007631
https://doi.org/10.1029/2023JG007631
https://doi.org/10.1029/2023JG007631
https://doi.org/10.1029/2023JG007631
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2023JG007631&domain=pdf&date_stamp=2023-11-20


Journal of Geophysical Research: Biogeosciences

CORTESE ET AL.

10.1029/2023JG007631

2 of 17

In coastal Louisiana, organic accumulation by vegetation is an important contribution to soil accretion (Nyman 
et al., 2006), even in areas located in the active deltas where there is constant supply of mineral sediment. There-
fore, external stresses can be detrimental not solely on plant bioproductivity but also to the volume of organic 
mass deposited in the soil. Salinity is among the most impactful external stressors that drives ecological zonation 
of wetlands (Levine et al., 1998). Indeed, salinity has been found to be negatively correlated to aboveground 
biomass growth, and to impact productivity of salt marsh plants (Smart & Barko, 1980). Furthermore, salinity 
is the main driver of species abundance in saline deltas, compared to fresher areas, where species competition 
becomes a more important factor (Greiner La Peyre et al., 2001). Thus, high rates of SLR can be more detrimental 
to brackish and fresh wetlands as the enhanced flooding and saltwater intrusion can reduce soil organic carbon 
storage and aboveground biomass (Ewing, 1986; Ibñez et al., 2002; Janousek et al., 2020; Wilson et al., 2018). 
Consequently, being able to spatially characterize salinity, vegetation and organic accretion rates is crucial to 
predict the fate of Louisiana's coastal wetlands.

In situ measurements that provide high quality information can be used to directly derive spatial distributions 
of key variables. For instance, accretion rates can be measured in soil cores, sediment traps, soil horizon mark-
ers, pollen grains, and with radiometric dating based on  137Ce and  210Pb (Clark & Patterson, 1984; Donnelly & 
Bertness, 2001; Turner et al., 2000). In addition, from those measurements the organic and inorganic components 
can be separated (Morris et al., 2002; Neubauer, 2008; Sanks et al., 2020) and the data interpolated to infer spatial 
variability (Sanks et al., 2020). However, this approach is constrained by the limited accessibility of some loca-
tions and sparse spatial sampling. Different remote sensing sensors with very high spatial and temporal resolu-
tions can be leveraged to fill this gap (Gallant, 2015). Multi-decade catalogues of images (e.g., Landsat program) 
are now available on cloud platforms (e.g., Google Earth Engine) to detect temporal trends.

Remote sensing imagery are valuable to spatially characterize wetlands. They allow to quantify wetland extent 
(Dong et al., 2014; Jia et al., 2014), map flooded areas (Li et al., 2015; Wang et al., 2002), and estimate wetlands 
carbon stocks (Crichton et al., 2015). Among the different indices that can be derived from multispectral sensors, 
the Normalized Difference Vegetation Index (NDVI) is often used to estimate the density of green vegetation 
in terrestrial ecosystems (Weier & Herring, 2000). NDVI is computed as the difference between the spectral 
reflectance in the red and the near-infrared regions divided by the sum. This index has been widely used to 
monitor wetlands (Guo et al., 2017). For instance, NDVI was successfully adopted to infer the Leaf Area Index 
of mangroves (Green et al., 1997; Kovacs et al., 2004), to monitor drought effects in Louisiana marshes (Mo 
et al., 2017) and to map marshes extent and change over time (Lopes et al., 2020). NDVI was also used to infer 
aboveground biomass in various wetland studies. For example, Tan et al. (2003) used Landsat-7 ETM + over the 
Poyang wetlands in China, observing that a change of 0.1 in NDVI produces a change of 500 g/m 2 of aboveground 
biomass. Lumbierres et  al.  (2017) modelled biomass production in the Doñana marsh (Spain) with MODIS 
derived NDVI. Doughty and Cavanaugh (2019) used NDVI derived from multispectral UAV imagery and esti-
mated an average biomass peak of 1,200 g/m 2 at the Carpinteria Salt Marsh Reserve (California, USA).

However, an analysis of the relationship between remotely sensed measurements and organic deposition from 
vegetation has never been proposed. Recently, Jensen et al. (2022) derived accretion rates along coastal Louisiana 
using NDVI and estimated suspended sediment concentration from Landsat time-series as proxies for mineral and 
organic inputs respectively. Yet, no explicit relationship between NDVI and organic accretion was tested. Given 
the intrinsic relationship between NDVI and vegetation, it is hypothesized that NDVI correlates with the organic 
component of soil accretion and salinity. Such a relation would provide a tool to determine spatial patterns of two 
important parameters that control vulnerability and productivity of wetlands. Furthermore, the obtained maps 
could also be used to infer local carbon sequestration rates (Chmura et al., 2003) and support study on the impact 
of salinity on fishery and local fauna (Gunter, 1956; Reed et al., 2007).

2. Data and Methods
2.1. Location

The Terrebonne hydrological basin is located within the MRDF (Figure 1).

Due to the absence of major rivers and microtidal conditions, resuspension of bottom sediments during storm 
surges represents the main mechanism of mineral sediment distribution. Salinity follows a gradient from the 
saltier wetlands facing the Gulf of Mexico to the freshwater wetlands inland (Twilley et al., 2019). Four different 
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types of wetlands can be classified based on salinity: saline, brackish, intermediate, and fresh (Sasser et al., 2014). 
Saline wetlands tend to be dominated by Spartina alterniflora, while Spartina patens is more common in brack-
ish regions. Freshwater marsh vegetation is heterogeneous with a wider array of species (e.g., Schoenoplectus 
americanus, Phragmites australis).

2.2. Coastwide Reference Monitoring System Data

The Coastwide Reference Monitoring System (CRMS) is a project funded by the CWPPRA (Coastal Wetlands 
Planning, Protection, and Restoration Act) and encompasses around 390 monitoring sites distributed along the 
Louisiana coast. All available sites with a record of measured accretion were selected. In total, 45 monitoring 
sites located within the Terrebonne basin (see Table S1 in Supporting Information  S1) were considered. At 
each site, collection of vertical accretion has started between 2006 and 2009 using feldspar marker horizons 
every 6/12 months. In addition to vertical accretion, for each station salinity timeseries, soil bulk density, eleva-
tion, and percentage of organic matter were retrieved. Finally, a wetland type was assigned to each site in 2021 
(Nyman et al., 2022). Four vegetation classes were selected for this study: saline, brackish, intermediate, and 
fresh wetlands. Typically, brackish and intermediate wetlands could be merged, however this distinction was 
preserved herein. Nyman et al. (1993) observed that the intermediate class is separated from both fresh and brack-
ish wetlands in terms of soil organic and inorganic composition. Overall, 25 sites were selected in saline wetlands, 
12 in brackish wetlands, 6 in intermediate wetlands, and 2 in fresh wetlands.

2.3. Separation of the Mineral and Organic Contributions Mass Accumulation Rates

In each CRMS site there are multiple plots where accretion is regularly measured. The oldest plots are about 
15 years old. One of the main challenges when comparing accretion rates measurements is the Sadler effect 
(Sadler, 1981). Accretion rates tend to decrease as the timescale increases because of soil compaction and general 
evolution of the system. Hence, it is important selecting accretion rates that cover a similar timespan. In order to 
have a reasonable number of samples, all available plots with at least 8 years of records were selected at each site 
(refer to Table S1 in Supporting Information S1). On average, the selected plots were 10 years old, with a 75th 
percentile of 12 years, indicating minimal influence of the Sadler effect. For each site, the accretion rates were 

Figure 1. Terrebonne Bay and Terrebonne hydrological basin. Layers of the different wetland types are indicated. The 
CMRS sites are overlapped as red circles. On the upper-right corner, the red star locates Terrebonne Bay along the Louisiana 
Gulf coast.

 21698961, 2023, 11, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023JG

007631 by U
.S. G

eological Survey L
ibrary, W

iley O
nline L

ibrary on [22/01/2024]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Journal of Geophysical Research: Biogeosciences

CORTESE ET AL.

10.1029/2023JG007631

4 of 17

extracted from each plot and averaged. Soil bulk density (BD) and average percentage of organic matter (OM) 
was measured at 4 cm increments from 0 to 24 cm depth in two dates: on the establishment date of the oldest plot 
and in 2018. Given the average age of the plots and a mean total accretion rate of 1–1.5 cm/yr, only the first three 
layers (from 0 to 12 cm depth) were considered. To have a representative value for the entire period, the averaged 
values of BD and OM on the two collection dates were taken.

In order to separate the mineral and organic contributions to vertical accretion rates (VA), the procedure of 
Neubauer (2008) was followed. First, the organic bulk density (BDO) was calculated as product between BD and 
OM, so that the mineral bulk density (BDI) was computed as product between BD and (1-OM). Consequently, the 
organic and inorganic mass accumulation rates (OMAR and IMAR) were computed by multiplying the vertical 
accretion rates with BDO and BDI respectively (see Equations 1 and 2).

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 = 𝐵𝐵𝐵𝐵 ⋅ 𝑂𝑂𝑂𝑂 ⋅ 𝑉𝑉 𝑂𝑂 = 𝐵𝐵𝐵𝐵𝑂𝑂 ⋅ 𝑉𝑉 𝑂𝑂 (1)

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝐵𝐵𝐵𝐵 ⋅ (1 − 𝑂𝑂𝐼𝐼) ⋅ 𝑉𝑉 𝐼𝐼 = 𝐵𝐵𝐵𝐵𝐼𝐼 ⋅ 𝑉𝑉 𝐼𝐼 (2)

2.4. Spatial Data

For each site, distance from the channel, distance from the bay measured along the channel network, and 
direct distance from the bay were considered. For the three parameters, the values reported in Cortese and 
Fagherazzi (2022) were adopted. The term “channels” refers to the closest water body to a site, thus it can be 
either a channel, a lake, a small bay, or Terrebonne Bay itself (light blue areas in Figure 1). The term “bay” refers 
to the coastline of Terrebonne Bay without the barrier island system of Isles Dernieres and Timbalier Island. 
Distance from the channel is the Euclidean distance computed between the vertical accretion sampling point 
and the nearest channel bank. Direct distance from the bay is defined as the shortest Euclidean distance to the 
coastline. Bathymetric data from NOAA Office for Coastal Management Coastal Inundation Digital Elevation 
Model were also retrieved (Love et al., 2010). The DEM has a spatial resolution of 3 m, which was resampled to 
30 m to match the Landsat data resolution (elevation map in reported in Figure S2 in Supporting Information S1). 
Since the presence of levees can highly influence sediment supply, GIS layers of leveed areas were retrieved for 
the Terrebonne Parish using the US Army Corps of Engineers National Levee Database (https://levees.sec.usace.
army.mil/), and masked out from the computation. Spatial data of fractional floating vegetation (FAV) and frac-
tional submerged vegetation (SAV) were retrieved from Couvillion (2021a, 2021b). These vegetation covers are 
mostly found in the north-western portion of the considered domain. Pixels with FAV and SAV cover over 20% 
were classified as water and masked out to limit uncertainty between wetlands and open water.

2.5. NDVI and Salinity Data

NDVI data from 2006 to 2021 were retrieved using GEE's Landsat catalog for the entire Terrebonne basin during 
the growing season (March–October, Myneni et al., 1997; Snedden et al., 2015). All selected NDVI values are 
clouds, clouds shadows and snow masked. From all data, the average was computed to obtain a single NDVI 
value for each pixel. To isolate the NDVI values corresponding to the CRMS sites, the GIS shapefile layer was 
overlapped with the location of all sites to identify the correspondent pixel of the NDVI map.

Salinity timeseries started between 2006 and 2009 depending on the site and ended in 2021. To be consistent with 
NDVI, only salinity data during the growing season were considered and averaged to obtain one salinity value for 
each site. A two-cluster k-means classifier was applied to the NDVI map to derive a land-water mask in order to 
separate channels, lakes and bays from the marshland.

2.6. NDVI Analysis and Models to Retrieve Organic Mass Accumulation Rates and Salinity

First, NDVI values were separated based on the wetland type, and the presence of statistical differences between 
each group was tested. To do so, a one-way analysis of variance (ANOVA) followed by a Tukey's honestly signif-
icant difference (HSD) post-hoc test was used (Abdi & Williams, 2010).

Then, to observe whether a relationship between NDVI and geomorphic metrics exists, the average NDVI at each 
CRMS site was compared with distance from the channel, distance from the bay, direct distance from the bay, and 
site elevation using bivariate linear regressions.
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To develop models of organic mass accumulation rates (OMAR) and salinity, the datasets were randomly sepa-
rated into a training and testing sets. The training dataset took 60% of the data, while the remaining 40% was allo-
cated to testing. Models were inferred with multivariate linear regressions using a backward stepwise selection. 
Thus, starting with the full models, which included NDVI and all geomorphological variables as independent 
variables, the least significant variable (highest p-value) was removed at each step, until all variables left had 
a p-value smaller than the 0.05 threshold. To test whether it was possible to derive a model of NDVI from all 
geomorphological variables, the backward stepwise regression was applied to find the best multivariate model 
to predict NDVI given the distance from the channel and from the bay, direct distance from the bay, and marsh 
elevation.

To evaluate models performance, besides the R 2 for bivariate correlation and the adjusted R 2 for the multivariate 
correlations, the Root Mean Squared Error (RMSE) was adopted, defined as the squared root of the average of 
the squared differences between the observed and modeled values. RMSE was chosen because has the same unit 
of the modeled variables. An analysis on the residuals was performed to verify the correctness of the linearity 
hypothesis. On the residuals, we tested normality, homoscedasticity, presence of outliers, and independence.

The models were applied on the entire domain to obtain maps of OMAR and salinity. A NDVI map was also 
derived from geomorphic parameters. The models were spatially applied using the NDVI raster, the DEM, and 
the distance form channel and bay.

3. Results
3.1. Organic and Inorganic Contributions to Soil Vertical Accretion Rates

Results show that inorganic mass accumulation rates are greater than organic ones, however the organic accretion 
rates have higher leverage in terms of volume given the lower density (Figures 2a and 2b). A significant positive 
linear correlation was found between total accretion rates and both mineral and organic accumulations. In particu-
lar, the latter case gave a R 2 of 0.92.

A one-way ANOVA revealed that there is no significant difference in the mean OMAR values between the differ-
ent wetland types (Figure 2c), while the same test showed that inorganic accumulation rates in saline wetlands are 
statistically different from brackish and intermediate (Figure 2d, Tables S2 and S3 in Supporting Information S1).

3.2. NDVI and Wetland Type

NDVI values display different ranges depending on the wetland type (Figure 3). Overall, the distributions indicate 
increasing values moving from saline wetlands toward the fresh ones. Saline wetlands display the wider range 
of NDVI (0.1–0.6), with an interquartile range (IQR) between 0.3 and 0.47. Brackish wetlands have a narrower 
range, with values in the IQR of 0.42–0.54. Intermediate wetlands IQR varies between 0.53 and 0.64, whereas 
NDVI values of fresh wetlands have a higher IQR from 0.65 to 0.79. Furthermore, a one-way ANOVA and the 
Tukey post-hoc test confirmed that there is a statistically significant difference between the means of each group 
(see Tables S4 and S5 in Supporting Information S1).

3.3. NDVI and Geomorphological Parameters

A positive linear correlation was found between NDVI and distance from the nearby channel (Figure 4a), indicat-
ing the tendency for the NDVI to increase when moving away from the banks. Despite the satisfactory p-value, 
the R 2 = 0.273 indicates that this variable cannot capture much of the variability of NDVI. Results improved 
when both distance from the bay along the channels and direct distance from the bay (Figures 4b and 4c) are 
considered, for which positive logarithmic regressions have low p-value and R 2 of 0.473 and 0.462 respectively, 
indicating a higher explanatory ability. Elevation is the only variable found not statistically correlated to NDVI 
(Figure 4d).

3.4. Multivariate Regressions for Salinity, Organic Mass Accumulation Rates, and NDVI

All models for salinity, OMAR, and NDVI obtained with the backward stepwise regressions are reported in 
Table 2. For a detailed report of all the steps carried out for each model and p-values refer to Tables S6, S7, and 
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S8 in Supporting Information S1. Tests on residuals confirmed the goodness of the hypothesis of linearity (Tables 
S11, S12, S13 in Supporting Information S1).

After all steps, the statistically significant OMAR model considered 
only NDVI as independent variable, with an R 2 and RMSE of 0.485 and 
0.028 g cm −2 yr −1 for the training data, and 0.325 and 0.033 g cm −2 yr −1 for 
the testing data (Figures 5a and 5b). The model showed a negative linear rela-
tionship with NDVI, indicating that areas with lower NDVI in Terrebonne 
Bay, which tends to be closer to the coast, have higher organic mass accu-
mulation compared to areas located inland, where NDVI tends to increase 
(Figure 6). By applying the model to the entire domain, it was estimated an 
average 0.065 ± 0.035 g cm −2 yr −1 of organic mass accumulated on a yearly 
basis.

The most statistically significant model to predict salinity included NDVI 
and wetland elevation (Figures  5c and  5d and Table  2). Model training 
provided an R 2 and RMSE of 0.6 and 3.74 ppt, respectively, whereas the test-
ing provided an R 2 and RMSE of 0.531 and 3.96 ppt, respectively. The model 
showed salinity being negatively correlated with NDVI and wetland eleva-
tion, indicating that areas closer to the coast (which present a lower NDVI) 
have higher salinity compared to fresher ones, which have higher NDVI and 

Figure 3. Boxplots showing distribution of all CRMS NDVI values for 
each wetland type. The main body of the box shows the 25th, 50th (median), 
and 75th percentiles. The whiskers extend to the extreme values that are not 
considered outliers. Different letter on top of the boxplot indicates that the 
distribution is statistically different (p < 0.05, Tukey's HSD).

Figure 2. Correlation between total accretion rates and (a) organic accretion rates and organic mass accumulations rates, (b) inorganic accretion rates and inorganic 
mass accumulation rates. (c) Boxplots showing the distribution of organic mass accumulation rates in each vegetation zone. (d) Boxplots showing the distribution of 
inorganic mass accumulation rates in each vegetation zone. Different letter on top of the boxplot indicates that the distribution is statistically different (p < 0.05, Tukey's 
HSD). The main body of the boxes shows the 25th, 50th (median), and 75th percentiles. The whiskers extend to the extreme values that are not considered outliers.
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are found further inland. It was also verified that the model is able to identify the different wetland types. To do 
so, each pixel of the salinity map was assigned to the correspondent vegetation category using the vegetation map 
(Figure 8). Results of ANOVA and Tukey's HSD post-hoc test (see Tables S9 and S10 in Supporting Informa-
tion S1) confirmed that means of each group are statistically different from one another.

The third model predicts the distribution of NDVI using distance from the bay and distance from the channels 
(Figure 9a). In particular, NDVI is predicted to increase with both variables (Figures 5e and 5f, Table 2). The 
training provided an R 2 and RMSE of 0.61 and 0.07, respectively, whereas the testing provided an R 2 and RMSE 
of 0.52 and 0.08, respectively.

While the distribution showed a coherent gradient increasing from the coast to the inland, there are some parts of 
the domain where the model tends to overestimate or underestimate the measured NDVI (Figure 9b and Figure 
S1 in Supporting Information S1). In particular, the model overestimates the NDVI in some areas located in the 
intermediate and fresh wetlands, while the NDVI in the central saline wetland and south-western area portion 
adjacent to Fourleague Bay is underestimated. NDVI is underestimated in the southern-central tip of the bay 
and in the Port Fourchon area. Here NDVI is likely higher due to the presence of black mangroves (Osland 
et al., 2020), that cannot be captured by the model.

Figure 4. Regression plots between NDVI and geomorphological variables. (a) Distance from the channel, (b) Distance from 
the bay, (c) Direct distance from the bay, and (d) wetland elevation. When the regression is not statistically significant, the 
regression line is omitted. R 2 and p-values are reported in Table 1. Note that subplots (b) and (c) have logarithmic scale for 
the x-axis.

Independent variable R 2 p-value Slope Intercept

Distance from channel bank (m) 0.273 2.23E−04 0.007 0.331

Distance from the bay (km)* 0.473 1.81E−07 0.065 0.309

Direct distance from the bay (km)* 0.463 2.75E−07 0.058 0.345

Elevation (m NAVD88) 0.063 0.0974 0.343 0.397

Note. Since multiple comparisons are performed at the same time, the Bonferroni adjustment is used to set a more conservative 
p-value. Given the four variables we set the threshold at 0.05/4 = 0.0125. Values with the * indicates logarithmic regressions.

Table 1 
R 2 and p-Values of Regressions Between NDVI and Geomorphological Variables
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4. Discussion
4.1. NDVI and Physical Parameters

The third model in Table 2 shows that NDVI tends to increase with distance from the bay and from the nearest 
channel. The NDVI distribution calculated from the landscape geometry shows an increasing upward gradient 
going from an average of 0.3 in the saline wetlands to 0.75 in the fresh wetlands. This result is coherent with the 
NDVI values extracted from GEE and previous studies (e.g., Suir & Sasser, 2019). As previously pointed out 
and shown in Figure 9, there are some areas in the map where NDVI is overestimated with values around the 
0.95–1. This result is likely due to the water mask adopted to compute the distance from the channels. In order 
to be consistent with the Landsat image, a 30 m water mask was adopted, which is not able to detect the narrow 
channel networks in those areas, causing an over estimation of the distance from the channels and subsequently 
of NDVI. In the Port Fourchon area and along the southern tip of the basin, the encroachment of mangroves has 
been observed in recent years (Osland et al., 2020). In Figure 9b, we detect NDVI values between 0.7 and 0.8 
for mangroves, which are consistent with values measured in North America (Ruan et al., 2022). The model 
clearly underestimates these values, because it has no information regarding this type of vegetation (none of the 
CRMS locations used to parametrize the model is located in mangroves). The model underestimates NDVI in the 
south-western portion of the domain that is adjacent to Fourleague Bay. The underestimation could be a reflection 
of a different landscape, as this area has been found to be hydrologically influenced by the Atchafalaya River 
and to show a distribution of vegetation zones typical of an active deltaic coastal basin, compared to the inactive 
Terrebonne Bay (Twilley et al., 2016, 2019).

Figure 3 shows that NDVI can be used to identify the different vegetation zones, which suggests that NDVI 
is tightly related to the vegetation species and general plant communities that dominate each zone (Kearney 
et  al.,  2009; Sun et  al.,  2018; Zhang et  al.,  1997). Saline wetlands, which are located in proximity to the 
coast, are dominated by S. alterniflora, while in brackish wetlands S. patens is the primary species. In both 
cases, several brown stems (necromass) are present in the vegetation canopy. Moving into intermediate and 
fresh wetlands, species composition becomes more heterogeneous but generally large-leafed herbs dominated, 
such as Sagittaria lancifolia, Hydrocotlye umbellata, and Zizaniopsis miliacea. These morphological plant 
differences are controlled by the geomorphological parameters, especially the distance from the bay. Spartina 
spp. found near the coast have lower NDVI, compared to freshwater species located farther inland that appear 
greener during the growing season because of broad leaves. The positive correlation with distance from the 
channel indicates  that NDVI increases in areas further away from the creek. This is an unexpected result and 
could be a reflection of the specific CRMS points considered rather than a general pattern, and the limitations 
given by the Landsat resolution. Measured distances range from a few meters to 35 m (see Figure 4a), with 
most sites located 10–15 m from the channels, while each Landsat pixel is 30 by 30 m. Thus, it is not possible 
to capture NDVI differences at such small scale. Furthermore, despite the statistically significant correla-
tion (Table 1), the low R 2 indicates that distance from the channel captures a minimal portion of the NDVI 
variability.

As noted by DeLaune et al. (1979), the typical geomorphic configuration of Terrebonne Bay is high natural levees 
at channels banks and low inland areas. The levees tend to have a higher mineral sediment fraction, which leads 
to higher bulk densities able to sustain denser, taller, and more vigorous S. alterniflora. Inland plants are typically 
shorter and sparser. For this reason, it is reasonable to expect a negative correlation between NDVI and distance 
from the channel due to the levees effect.

Y Model RMSE training RMSE testing R 2 training R 2 testing

OMAR (g cm −2 yr −1) 0.195–0.241·NDVI 0.028 0.033 0.485 0.325

Salinity (ppt) 29.08–32.02·NDVI -24.10·elev 3.739 3.960 0.600 0.531

NDVI (−) 0.308 + 0.0003dc + 0.007db 0.071 0.084 0.606 0.525

Note. For each variable, the full model is reported with corresponding RMSE and R 2 for the training and testing datasets. dc 
and db indicate distance from the channel and distance from the bay respectively. For the p-values refer to Tables S6, S7, and 
S8 in Supporting Information S1. The RMSE has the same unit of the dependent variable Y.

Table 2 
Models of Organic Mass Accumulation Rates, Salinity, and NDVI
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4.2. NDVI and Salinity

The relationship between NDVI and salinity found here is consistent with previous studies. NDVI tends to increase 
moving from saline marshes toward fresh wetlands, explaining the correlation between NDVI and salinity (Mo 
et al., 2015; Tilley et al., 2007). This is further confirmed by the analyses reported in Figures 4c and 4d and 7 and 8.

The salinity gradient showed in Figure 7 is a consequence of the low riverine input in the basin. Indeed, Terre-
bonne Bay vegetation cover is classified as 50% saline, 20% brackish/intermediate, 20% freshwater and 10% 
swamp (Twilley et al., 2019). The second multivariate model in Table 2 shows a negative relationship of salinity 
with NDVI and elevation.

Figure 5. Models of organic mass accumulation rates (a),(b), salinity (c),(d), and NDVI (e),(f). The left column displays the 
training, while the right column the testing. Note that there is a one on one comparison in all testing subplots. Only subplots 
(a) shows the model, because (c) and (e) models cannot be displayed in a bidimensional space.
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A decreasing trend of salinity with elevation is consistent with the fact that low elevation combined with SLR 
increases the likelihood of prolonged inundation and saline intrusion (Cahoon & Reed, 1995; Costa et al., 2023). 
Interestingly, marsh elevation does not homogeneously increase moving inland (Figure S3 in Supporting Informa-
tion S1) and relatively high elevation areas near the coast promote brackish vegetation (Figure S4 in Supporting 

Figure 6. Distribution of organic mass accumulation rates in Terrebonne wetlands computed with NDVI.

Figure 7. Salinity distribution in Terrebonne Bay derived from NDVI and wetland elevation above/below NAVD88. The 
location of stations 390 and 392 is also indicated. The upper value of the colorbar is limited to 15 ppt to enhance contrast 
between different areas.
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Information  S1). The negative correlation between salinity and NDVI is 
tightly related to vegetation characteristics. As previously discussed, NDVI is 
an expression of vegetation communities and depends on the dominant species 
in a specific zone. Thus, NDVI can be used to recognize vegetation zonation 
(Figure 8), which is tightly related to plant salt tolerance (Greiner La Peyre 
et al., 2001). In Louisiana, S. alterniflora and S. patens dominate salt marshes 
due to their high tolerance to salt and flooding, whereas freshwater species 
are confined to inland wetlands because they cannot withstand these high 
abiotic stresses (Engels & Jensen, 2010).

Our results show high salinity values in some areas that might not reflect true 
conditions (Figure 7). The zone of Bayou Petit Gaillou and Lake Boudreaux 
south of Houma (where stations 390 and 392 are located) has the highest values 
of salinity of all the brackish wetlands. This portion of the basin has gone 
through a constant land loss process (Couvillion et al., 2017), which increased 
the open water area and consequently decreased vegetation cover and NDVI. 
Moreover, this area is hydrologically disconnected from the bay as a result of the 
construction of Highways 56 and 57. The high subsidence rates combined with 
reduced sediment supply has triggered the elevation drop (Yuill et al., 2009). 
The combination of decreasing NDVI and elevation affected the salinity calcu-

lation from the model, producing an overestimation compared to the measured values (7.02 and 6.73 ppt measured 
and 13.11 and 14.53 modeled in station 390 and 392, respectively). Moreover, in the north-western portion of the 
domain there are some unrealistic values within the freshwater wetlands. Despite masking floating and submerged 
vegetation from the analysis, it is possible that some areas with this vegetation cover were included, thus generating 
high salinity values. From Figure 7 it can also be observed that the eastern salt marshes are characterized by higher 
salinity compared to the western ones. One reason could be that, despite being both close to the bay, the eastern side 
is highly fragmented and consequently highly connected to the bay, allowing the propagation of saline water coming 
from the Gulf of Mexico. Moreover, the western side of Terrebonne could be affected by Fourleague Bay, the dynam-
ics of which are regulated by fresh water discharged by the Atchafalaya River (Perez et al., 2000; Wang et al., 1995).

4.3. NDVI and Organic Mass Accumulation Rates

The separation of the organic and mineral contributions to accretion showed that total accretion is highly corre-
lated with OMAR (Figure 2a). In coastal Louisiana, the linear correlation between the two variables was already 
presented in previous studies. Turner et al. (2000) and Neubauer (2008) proposed similar relationships for both salt 
and freshwater marshes respectively, while Kelsall et al. (2023) found a linear correlation between total vertical 
accretion and soil carbon stock. Despite the ANOVA analysis did not detect an overall difference between wetland 
types in terms of organic contribution (Figure 2c), boxplots display a tendency of higher OMAR in saline wetlands. 
This is also captured by the first model in Table 2, which linearly relates NDVI to OMAR. In particular, the model 
shows that OMAR tends to increase as NDVI decreases. Salt marshes have not only higher OMAR but also higher 
inorganic sediment load (Figures 2b and 2d). Since Terrebonne is an inactive basin of the MRDF, the sources of 
inorganic sediment are the Gulf of Mexico and the bottom of local channels and bays. The mineral sediment is 
then brought to the marsh surface through tidal inundation and storm surges. Thus, saline marshes show higher 
sediment loads compared to freshwater marshes because they are much closer to the mineral sediment sources.

An extensive body of research indicates that inorganic sediment availability influences the vegetation OMAR. 
Salt marshes are dominated by S. alterniflora, which requires higher soil bulk densities compared to S. patens 
and freshwater species (DeLaune et al., 1979). In particular, this species requires more mineral supply. Indeed, 
for the same rate of submergence, salt marshes need twice the amount of inorganic sediment as they are subjected 
to toxic sulfite generated in reduced conditions, while freshwater marshes can rely more on organic matter to 
balance SLR (Nyman et  al.,  1990). Salt marshes also need more organic accumulation to produce the same 
accretion (Nyman et al., 2006). At the same time, a higher sediment load favors bioproductivity and soil organic 
carbon accumulation because it reduces the concentration of phototoxins by improving soil aeration and provides 
nutrients to the plants sustainment (DeLaune & Pezeshki, 1994; Kelsall et al., 2023; Mendelssohn & Kuhn, 2003), 
therefore, despite representing a small contribution in volumetric terms, inorganic sediment remains an impor-
tant factor for the overall survival of wetlands. Indeed, the lack of mineral load in brackish and fresh areas has 

Figure 8. Salinity distribution in different wetland types obtained from the 
salinity model. The main body of the box shows the 25th, 50th (median), 
and 75th percentiles. The whiskers extend to the extreme values that are not 
considered outliers. Different letters on top of the boxplot indicates that the 
distribution is statistically different (p < 0.05, Tukey's HSD).
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been linked to higher rates of wetland loss compared to saline wetlands. Fresh wetlands also have lower shear 
strength which makes them vulnerable to high shear stresses during major events and interior pond expansion 
(Howes et al., 2010; Valentine et al., 2021). An additional contribution to the higher OMAR in saline marshes is 
the enhancement of belowground production by the system of roots and rhizomes typical of Spartina alterniflora 
(Bertness, 1991; Howes et al., 1981). These species have a dense root network penetrating the soil up to a 30 cm 
depth (Chung, 2006; Darby & Turner, 2008). On the contrary, S. patens roots are depth-limited due to a lower 
tolerance to anoxic conditions (Bertness, 1991). The denser and deeper roots of S. alterniflora is also reflected 
in the larger amount of live biomass found at different depths compared to S. patens (Connor & Chmura, 2000). 
Belowground productivity of S. patens has been also found to be more sensitive to increase in hydroperiod and 
decrease more rapidly compared to S. alterniflora (Snedden et al., 2015).

In the nearby Atchafalaya basin, not only there is a net positive land gain (Couvillion et  al.,  2017; Jensen 
et al., 2022), but also healthy and stable freshwater wetlands due to mineral sediment supply from the rivers 
(DeLaune et al., 2003, 2016). On the contrary, the isolated brackish and freshwater marshes in Terrebonne do 

Figure 9. (a) Average NDVI distribution in Terrebonne Bay calculated from geomorphological variables. (b) Average NDVI 
between 2006 and 2021 during the growing season extracted with Google Earth Engine.
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not receive the critical mineral sediment supply that allows marshes to sustain plant growth and keep pace with 
rising waters (DeLaune et al., 1979, 2013). Here, the lack of mineral sediment inputs combined with subsidence 
rates and high salinity increases vegetation stress and reduces bioproductivity (Krauss et al., 2009), suggesting a 
possible decrease in organic contribution to accretion.

The linear model used to compute OMAR provided an average of 0.065 g  cm −2  yr −1. Previous studies used 
field measurements of accretion rates to compute organic accumulation, and can be used to evaluate the results 
of our study. For instance, Turner et  al.  (2000) collected measurements of accretion rates from  137Cs in the 
Terrebonne and Barataria basins, and found a range between 0.02 and 0.1 g cm −2 yr −1 with an average OMAR 
of 0.049 g cm −2 yr −1. In this case, it as to be considered that the accretion rates measurements consider a longer 
time period (from 1963/1964) compared to this analysis, thus organic decomposition and the Sadler effect 
(Sadler,  1981) could be non-neglectable factors. More recently, Sanks et  al.  (2020) spatially interpolated the 
CRMS vertical accretion data along the entire Louisiana coast using Bayesian kriging. They found an average 
OMAR of 0.092 g cm −2 yr −1 in Terrebonne, larger than our values. The discrepancy could be connected to the 
inherent limitations of the NDVI approach (which are discussed in Section 4.4). However, it has also to be noted 
that Sanks et al. (2020) performed the interpolation on a 1 km 2 grid. In our study, given the 30 m Landsat reso-
lution, the pixel area is 0.0009 km 2. Therefore, we can capture more spatial variability in OMAR. At a lower 
resolution, features such as channels and ponds could not be recognized. Furthermore, the CRMS might not be 
statistically well distributed, thus affecting the overall average. This can cause a disproportional coverage of one 
vegetation type compared to others. One of the advantages of the remote sensing approach is that the vegetation 
variability across the landscape is better captured due to NDVI information at the small scale.

The method proposed herein shows that it is possible to leverage on remote sensing to infer the accumulation of 
organic matter along the Louisiana coast. Moreover, the method overcame the limitation of point measurements 
and retained the details of moderate resolution remote sensing images (tens of meters). This method allowed the 
separation of the contribution of the different areas of the wetland.

The great advantage of remote sensing (and especially of the Landsat program) is the availability of imagery 
globally for multiple years. Moreover, cloud computing platforms such as GEE, make the access to these data 
easier. The method needs extensive local data to establish a relationship between NDVI and OMAR. There-
fore, this methodology could be applied in marshes outside coastal Louisiana where multiple measurements are 
available. The method could also provide a first order approximation of OMAR in areas where there is paucity of 
data but where vegetation communities, climate, and edaphic characteristics are similar.

4.4. Limitations of the Approach

It must be noted that the OMAR model does not yield a high R 2 (especially for testing). This indicates that 
NDVI only partially captures the OMAR variability and that other factors need to be accounted for. The use of 
a linear relationship can be a limitation, since ecological processes involved in accretion can be non-linear (Ryo 
& Rillig, 2017). Despite the CRMS offers an extensive dataset, the model was trained and tested on a dataset 
of 45 total locations. The use of a larger dataset might be helpful for improving the relationship. The elevation 
parameter was not included in the model because it resulted to be non-significant (high p-value). However, marsh 
elevation could play a role into organic accretion since it regulates the hydroperiod (i.e., the submergence period) 
that ultimately controls vegetation cover. As mentioned earlier, the model was trained and validated in only one 
Bay, therefore before deriving general conclusions for the entire MRDF further analysis should be considered. In 
particular, the method should be first applied on a basin affected by similar dynamics. An example could be the 
nearby Barataria Bay, which like Terrebonne, had the sediment supply from the Mississippi River cut off due to 
the construction of levees. The method should also be tested along the active deltaic regions, where the riverine 
sediment load provides large volumes of mineral sediment and allows vegetation establishment.

Future work could also investigate whether the relationship between NDVI and OMAR is dependent on vegeta-
tion type. Mo et al. (2018) showed that there are strong variations in Leaf Area Index (LAI) in fresh and saline 
marshes. Since LAI is highly correlated to NDVI, it is reasonable to assume a dependency of the NDVI-OMAR 
relationship on the vegetation type. In this case, such a separation was not possible due to the limited dataset, but 
a separation by wetland type could be explored by considering the entire MRDF.

Finally, it is worth mentioning that this analysis was limited to NDVI, therefore future work should also consider 
exploring the use of different spectral indices and their combinations. Indices such as the Enhanced Vegetation 
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Index (EVI; Huete et al., 1999) and Soil-Adjusted Vegetation Index (SAVI; Huete, 1988), might provide addi-
tional information able to improve model results, as they have been found to be effective in salt marsh classifica-
tions (Sun et al., 2020).

5. Conclusions
This study tested whether NDVI could be used as a proxy to estimate salinity gradients and the organic contri-
bution to accretion in Terrebonne Bay, Louisiana USA. When the mineral and organic contributions to accretion 
were separated, a high correlation was found between total accretion rates and organic accretion rates, confirming 
the primary role of vegetation on vertical accretion. The analysis determined that marshes with high organic mass 
accumulation are also those with high inorganic mass accumulation rates. It was also determined that NDVI is 
strongly related to the geomorphology of the wetlands: NDVI increases with distance from the nearby channel 
and with the overall distance from Terrebonne Bay. A model that includes NDVI and elevation was able to 
separate different wetland types and provide the spatial distribution of salinity coherent with vegetation surveys. 
Finally, a negative linear relationship was found between organic mass accumulation rates and NDVI. From the 
model we obtained an average OMAR of 0.065 g cm −2 yr −1. The spatial distribution of OMAR indicates that 
saline marshes in Louisiana tends to accumulate more organic mass compared to freshwater ones. This study 
shows that remote sensing data, and especially a common index as NDVI, can be used to spatially characterize 
important indicators of wetlands vulnerability. Most importantly, the analysis suggested that in coastal marshes 
NDVI is expression of belowground productivity because it captures plant types and vegetation zones.

Data Availability Statement
Data supporting the findings are publicly available. Soil accretion, soil bulk density, and soil organic content 
data used to separate the inorganic and organic contributions to accretion can be downloaded via the CRMS 
website (https://cims.coastal.louisiana.gov/monitoring-data/). From the same website were downloaded salinity 
data and location of the CRMS sites. The vegetation types map used to separate the marsh in saline, brackish, 
intermediate, and fresh can be found via the USGS website (https://www.sciencebase.gov/catalog/item/624d-
dd6ad34e21f82766a252) (Nyman et al., 2022). Bathymetric data used to derive marsh elevation are available 
via the National Center for Environmental Information website (https://www.ncei.noaa.gov/access/metadata/
landing-page/bin/iso?id=gov.noaa.ngdc.mgg.dem:1521) (Love et al., 2010). Spatial data of fractional floating 
vegetation (FAV) and fractional submerged vegetation (SAV) used to mask out areas that could be interpreted as 
wetlands were retrieved from the USGS website via (https://www.sciencebase.gov/catalog/item/606df312d34e-
ae125e9c7647) (Couvillion, 2021a, 2021b). Geomorphological data of distance from the channel, and distance 
from the bay used to derive the models were taken from Cortese and Fagherazzi (2022). Spatial data of leveed 
areas, which were masked out from the calculations can be downloaded via the National Levee Database (https://
levees.sec.usace.army.mil/). The Landsat data catalog is available on Google Earth Engine (https://earthengine.
google.com/) and was used to derive the NDVI values for the entire Terrebonne Basin.
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