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Abstract: Salt marshes are globally important ecosystems, but many have been lost or transformed 

due to the impacts of global change. There have been attempts to broadly quantify salt marsh com-

munities, especially the ubiquitous grasses which serve as foundation species such as Spartina al-

terniflora and Spartina patens, the latter of which is being lost due to sea level rise. However, few 

researchers have used high-resolution geospatial imagery to quantify fine-scale changes in the dis-

tribution of grasses or to track losses of S. patens. To address this issue, we utilized a simple and 

rapid method of classifying geospatial marsh imagery with cloud-based machine learning in Google 

Earth Engine (>92% accuracy for S. patens regardless of imagery age). Our methods allowed us to 

characterize full landscapes (two geospatially proximal areas,  >7,000 ha each) of critical salt 

marshes on the New Jersey coast and to evaluate fine-scale (1-m) community transformations in 

response to global change with imagery from 2006 to 2019. Notably, one marsh experienced very 

little change while the other experienced an 81.17% (1,087 ha) loss of S. patens, illuminating disparate 

patterns of change for two geographically proximal ecosystems. Further exploration revealed an 

association in the loss of S. patens with increases in streamflow and total nitrogen content in the 

rivers that run through each marsh. These results signify the importance of broad-scale ecological 

studies that evaluate fine-scale community transformations and for management strategies that do 

not generalize across landscapes of an ecosystem-type. 
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1. Introduction 

Salt marshes are globally important ecosystems for fisheries, carbon sequestration, 

storm-buffering, and pollutant filtering (Barbier et al. 2011; Chmura et al. 2003; Gedan et 

al. 2011). These ecosystem services are provided by the grasses that serve as foundation 

species, or species that fundamentally structure ecosystems (Ellison 2019). However, salt 

marshes are projected to deteriorate greatly in the face of sea level rise, eutrophication, 

and coastal development (Deegan et al. 2012; Gedan et al. 2009). There are many modeling 

(reviewed in FitzGerald and Hughes 2019; Kirwan and Mudd 2012; Simas et al. 2001) and 

plot-level studies (e.g., Langley and Megonigal 2010; Kirwan et al. 2013; Mueller et al. 

2020) demonstrating the potential for multiple global change factors to lead to the dra-

matic transformation or loss of salt marsh ecosystems. Although some studies have exam-

ined the loss of salt marshes at the landscape level (Krause et al. 2019; Wigand et al. 2018) 

and larger (Campbell and Wang 2020), few studies have detailed ways in which we can 

repeatedly track vulnerable foundation species in salt marshes, such as Spartina patens, 

over time at the landscape scale. 

45% of coastal salt marshes on Earth, if not more, are expected to be lost due to sea 

level rise, even with drastic reductions in CO2 emissions (Crosby et al. 2016; Kirwan and 

Megonigal 2013). Among the areas predicted to suffer substantial losses is the Atlantic 

coast of the United States, which hosts a substantial proportion of the salt marshes of 

North America and the world (Mcowen et al. 2017). Previous analysis of mid-Atlantic 
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coastal salt marshes using remote sensing saw a decline in overall biomass in over 50% 

throughout the Eastern Seaboard from 1999 to 2018 (Campbell and Wang 2020). Site-level 

and plot-level analyses have confirmed dramatic losses of salt marshes undergoing mul-

tiple global change factors (Alber et al. 2008; Deegan et al. 2012; Schepers et al. 2016; Wat-

son et al. 2017), and have also seen major shifts in foundation species (Zajac et al. 2017). 

Although some studies have analyzed shifts in foundation species at larger scales (~500 

ha; Campbell and Wang 2019), most remote sensing studies in the past have focused on 

the complete loss of coastal salt marshes or the loss of above-ground biomass, rather than 

fundamental ecological transformations, such as the loss of S. patens. 

Along the Mid-Atlantic, S. alterniflora and S. patens predominate as the foundation 

species of coastal salt marshes. Notably, both grasses host some common species, such as 

invertebrates and molluscs, but differ in the unique microbial and animal species that de-

pend on them for food (Denno 1977; Raghukumar 2017; Wimp and Murphy 2021), repro-

duction (Bayard and Elphick 2011), and microclimate (Gedan and Bertness 2010; Johnson 

and Williams 2017). Their general layouts on a landscape are regulated by tides: S. alterni-

flora can tolerate daily flooding and therefore has a more extensive range than S. patens, 

which exists at mean-high waterline (Bertness 1991). In some areas, this causes a patchy-

mosaic of S. alterniflora and S. patens with spatial segregation of pure monocultures based 

on tides (Bertness 1991; Watson et al. 2016), often with large swaths of S. alterniflora and 

interspersed areas of S. patens (Figure 1A). S. patens has begun declining in respect to S. 

alterniflora (e.g., Zajac et al. 2017), likely due to a lower tolerance of water inundation and 

nitrogen pollution (Elsey-Quirk et al. 2019; Gedan and Bertness 2010; Snedden et al. 2015; 

Watson et al. 2016). Considering the unique ecological roles that both species play, and 

the biodiversity they harbor, tracking the change of S. patens on a landscape-scale will be 

vital for understanding the impacts of global change on coastal ecosystems. 
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Figure 1. (A) Ground-level photograph at Great Bay Boulevard Wildlife Management Area (39° 33’ 

16.1'” N, 74° 19’ 51.0” W) depicting the conspicuous juxtaposition of S. alterniflora (dark green, up-

right) and S. patens (light green, thatched) found across salt-marshes in coastal New Jersey. Further-

more, note the near monoculture of each grass within their respective patches. Photograph courtesy 

of Jewel Tomasula. (B) Aerial NAIP imagery (2019) for a Spartina spp. dominated marsh, depicting 

the RGB spectral differences between S. alterniflora (dark green, blotched) and S. patens (light green, 

uniform) that aid in ease of identification during geospatial analysis. 

Coastal grass species have differences in reflectance qualities across the electromag-

netic spectrum, particularly between S. alterniflora and S. patens (Hardisky et al. 1986), 

which allows them to be distinguished easily with remote sensing data (Figure 1B). Past 

studies using aerial or satellite imagery to quantify S. patens and S. alterniflora have ranged 

in their success of differentiating the two grasses, using manual digitization, remote sens-

ing, or machine learning (Campbell and Wang 2020; Dahl 2006; Zajac et al. 2017). Artigas 
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and Yang (2006) used the near-infrared region of the electromagnetic spectrum to success-

fully differentiate other coastal marsh grasses, but found it most difficult to differentiate 

between S. patens and S. alterniflora and did not calculate the areas for any species. With 

S. alterniflora absent, Gilmore et al. (2008) was very successful (92% accuracy) in distin-

guishing S. patens from other coastal marsh grasses using various spectral comparisons 

(300-2500 nm). Studies involving Unmanned Aircraft Systems (“drones”) and object-

based imagery analysis were somewhat less successful in characterizing S. patens (72% 

accuracy; Broussard et al. 2020). Similarly, Artigas and Pechmann (2010) achieved accura-

cies of 82% for S. patens using helium balloons with mounted digital cameras. Other stud-

ies did not provide the % accuracy of their classifications or used relatively broad spatial 

scales (30-m) that do not effectively capture community dynamics in coastal salt marshes 

(Artigas and Yang 2006; Suir et al. 2020). In general, access to historical “very” high-reso-

lution imagery (VHR at <5-m; Gray et al. 2018) is sparse, given that VHR imagery pro-

grams, such as the USDA National Agriculture Imagery Program (NAIP; 1-m resolution), 

have only been active since 2003 (Adkins 2009). Campbell and Wang (2020) used a limited 

date range of NAIP (2011-2017) to track changes in salt marsh structure, but did not in-

clude the full range available for NAIP or utilize it to identify community transformations.  

To date, no study quantifying community transformations between S. patens and S. 

alterniflora has been able to utilize VHR imagery over large temporal and spatial scales 

with publicly available free data sources or with methods which do not require intensive 

user-side compute resources. Here, we used NAIP imagery (2006-2019) and machine 

learning techniques on the Google Earth Engine cloud (hereafter GEE) to evaluate com-

munity transformations in two expansive coastal salt marshes in New Jersey, with a focus 

on losses of S. patens. New Jersey provides a compelling case study because: (A) sea level 

rise occurs at 250% the global average (Kopp et al. 2019); (B) the salt marshes of New Jersey 

are already being transformed (reviewed in Weis et al. 2021); (C) S. alterniflora and S. patens 

both occur in vast abundance, with S. patens patches existing in a mosaic of S. alterniflora; 

and (D) the dynamics between S. alterniflora and S. patens have already begun to be altered, 

favoring S. alterniflora (Kennish et al. 2014; Rippel et al. 2020). Our aim was to answer the 

following questions: (1) Can we consistently and accurately detect transformations in the 

distribution of foundation species, particularly S. patens? (2) Do we find consistent trends 

between proximal study sites? And (3) can we model these changes using streamflow and 

nutrient loadings?  

2. Methodology 

Study Sites 

Two study regions were selected after an initial qualitative examination of yearly 

trends. Our first site (hereafter the northern marsh), Jacques Cousteau National Estuarine 

Research Reserve and surrounding areas along Great Bay in southeastern New Jersey 

(7562.95 ha; 39° 33’ 20” N, 74° 26’ 26” W), has been the subject of numerous ecological 

studies over the last few decades due to infrastructural access (e.g., roads running through 

the marsh; Kennish et al. 2014). Our second study site (hereafter the southern marsh), lo-

cated to the south in the Tuckahoe-Corbin City Fish and Wildlife Management Area 

(7120.88 ha; 39° 18’ 22” N, 74° 41’ 42” W), has seen relatively little scientific exploration 

and only has roads around its border. Despite these infrastructural differences, both 

marshes are similar in size and show evidence of extensive drainage via ditching (e.g., 

stark horizontal lining visible from aerial imagery). Based on in-situ knowledge of these 

areas, both marshes are nearly exclusively dominated by S. alterniflora and S. patens yet 

appear to be experiencing vastly different community responses to global change. Thus, 

the comparison of these marsh communities over time provides us with an opportunity 

to evaluate response to change in similar ecosystems that are regionally comparable, yet 

geospatially distinct.  

Machine Learning Approach 
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VHR (1-m) aerial imagery was acquired from the USDA NAIP using Google Earth 

Engine (Gorelick et al. 2017). NAIP imagery consists of RGB color bands as well as color 

infrared and NDVI bands and is updated on a continuous 2-to-3-year cycle, with acquisi-

tion years varying for different regions of the United States (EROS 2018). NAIP imagery, 

particularly RGB, is appropriate for our study as it is typically taken between May and 

September, which aligns closely with the primary growing season of our marshes' domi-

nant grass species and ensures that the disparate colorings of S. alterniflora and S. patens 

are effectively captured (Figure 1). We selected all imagery available for our study sites in 

January 2022, ranging from the most recent imagery accessible at the time of analysis from 

2019 to the earliest imagery available from 2006. Thus, the most extreme image sets (2006 

and 2019) were utilized for our analyses of overall change, and the years in between (2008, 

2010, 2013, 2015, and 2017) to capture the more holistic temporal trends.  

Prior to analysis, and for simplicity, we defined three dominant cover classes that 

were consistent across both sites and represented nearly all variation in cover: S. patens, S. 

alterniflora, and water. Water consisted of open water, mud flats, ponding, and other non-

biotic coverage as these comparisons were not a focus of this study. For each year, we 

performed an iterative stepwise selection process in GEE for total number of training and 

testing data to ensure models did not overfit classes (see methods supplement). A simple 

classification and regression tree classifier (CART; Krzywinski and Altman 2017) was then 

applied for the training data at each step, resulting in classifications for every cell on the 

landscape. From this, we evaluated accuracy of all classes individually and then together 

using our testing datasets to select the best models, and thus the best representation of 

class cover, for every year. 

Landscape Metrics 

We used the ‘landscapemetrics’ package in R (Hesselbarth et al. 2019; R Core Team 

2022) to characterize and compare changes to the structure of S. patens patches at our tar-

get marshes for 2006 and 2019. We evaluated general metrics (percent cover, number of 

patches, patch density, average patch size, total core area), connectivity metrics (radius of 

gyration, landscape shape index, interspersion and juxtaposition), and complexity metrics 

(total edge, edge density, perimeter-to-area ratio). General metrics were meant to summa-

rize the amounts of S. patens that occur within our study sites, and are mostly self-explan-

atory, except for total core area, which summarizes the amount of total interior of patches 

that are assumed to be unaffected by edges, with edges set at 1-m. Connectivity measure-

ments were used to understand the ecological connectivity at the landscape level. Radius 

of gyration is a measure of average patch extent, or how far across the landscape a patch 

extends. Landscape shape index (LSI) is a ratio of the sum of edge lengths to a minimum 

total length of edge and increases as increases with more irregular patches. Interspersion 

and juxtaposition (IJI) measures the distribution of patch adjacencies, where 0 indicates 

complete separation and 100 indicates a patch is surrounded by all other classes of 

patches. Finally, complexity metrics were used to summarize the heterogeneity of patches 

in terms of their interiors and edges. Total edge is the amount of edge habitat in the land-

scape, edge density is the sum of all edges of a class in relation to the landscape area, and 

the perimeter-to-area ratio (PARA) is the ratio of edges to interiors.  

Forecasting and Evaluating Change 

To visually evaluate marsh community shifts between 2006 and 2019, we used geo-

spatial cell subtraction where cells that changed from S. patens in 2006 to S. alterniflora in 

2019 were depicted as a visual difference from cells that changed from S. alterniflora to S. 

patens or any other combination. To more comprehensively investigate how S. patens has 

changed over time, we produced a time series for both marshes based on our image clas-

sifications for all imagery dates. Current and future trends were forecasted until 2024, 5 

years past the most recent imagery date, with a HoltWinters linear technique using the 
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‘forecast’ package in R (Hyndman and Khandakar 2008) that was selected due to its sim-

plicity and applicability to distinct data with obvious trends (Green and Armstrong 2015).  

Since S. patens loss is associated with higher water levels and consistently high nitro-

gen inputs, we acquired streamflow and nutrient (total nitrogen and total phosphorus) 

data from the New Jersey Department of Environmental Protection for the most proximal 

stream gauges for each marsh (Table S1; Lester et al. 2020). We ensured that stream inputs 

used were from the largest water vectors passing through each marsh: Mullica River for 

the northern and Great Egg Harbor River for the southern. We specified a suite of mixed-

effects models to examine which environmental factors predicted the change in S. patens 

area over: (A) all years for which we had imagery data and (B) all years including years 

without imagery (using interpolated S. patens area values as a response variable for years 

missing image-derived S. patens data). The models included: (1) A model with all predic-

tors and marsh-specific intercepts; (2) a model including only streamflow, total nitrogen 

(hereafter N), the interaction of streamflow and total N, and a marsh-specific intercept; (3) 

a model including only streamflow, total N, and a marsh-specific intercept; (4) a model 

including only streamflow and a marsh-specific intercept; and (5) a model including only 

total N and a marsh-specific intercept. To decide the best candidate model from this series, 

for raw and interpolated S. patens area values, we compared each model using leave-one-

out (LOO) cross-validation (Vehtari et al. 2017). After model selection, we analyzed pa-

rameter estimates for our best models using Bayesian credible intervals (Hespanhol 2019). 

All models were run over 50,000 sampling iterations, 25,000 of which were discarded as 

warm-up, thinning by 25 across four chains for a total of 4,000 samples from the posterior 

distribution. We used the “brms” package in R to perform this modeling work (Bürkner 

2021).  

3. Results 

Image Classifications 

At equilibrium, the 2019 classification produced the highest overall accuracy for any 

imagery year with 98.75%, while overall accuracy for the 2006 classification was 93.33% 

(Figure 2). The lowest overall accuracy for any year was recorded at 90.83% for 2008 (Fig-

ure S1). A visual example of changes to an image classification with increasing training 

points can be found in Figure S2. All classifications consistently produced the highest ac-

curacy for S. patens versus any other class, reaching upwards of 100% for 2019 while reach-

ing a slightly lower 94.59% for 2006. S. alterniflora and water had similar accuracies within 

individual years, but still rarely fell below 90% after equilibrium was reached for any 

given year. These results were confirmed via rigorous qualitative observation of the clas-

sifications versus original imagery (example in Figure S3) and were consistent for an in-

creasing number of testing data in our stepwise analysis. Figure 3, created using the image 

classifications for 2006 and 2019, depicts visual evidence for a drastic reduction in S. patens 

with replacement almost exclusively by S. alterniflora in the southern marsh. Visual anal-

ysis also revealed that much of the S. patens cover in the northern marsh remained un-

changed, or became more connected, since 2006. 
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Figure 2. Model accuracy for increasing numbers of randomly partitioned training data used in 

supervised classification. X = 1080 was chosen as a graphical cutoff as it was the entry before over-

fitting for the year with the greatest numbers of training data needed to reach equilibrium. 240 for 

2006 were a premature peak with low qualitative accuracy when observed. 840 were selected for 

2006, even though S. patens (SP) was better represented by 960, as it produced the best fit overall 

model. 100% accuracy for S. patens in 2019 is a result confirmed many times over with rigorous 

visual examination at each reported model step (examples in Figure S2 and S3) as well as with in-

creasing testing data as overall model accuracy increased. I.e., the 960-point training step indeed 

resulted in 237/240 correct overall tests with 80/80 correct S. patens tests. Red lines are only S. patens. 

Created in R, version 4.1.3 (R Core Team 2022). 
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Figure 3. Classified landscapes of our focal marshes and their locations in New Jersey. Northern 

marsh relative centroid is at 39° 33’ 20” N, 74° 26’ 26” W; southern marsh relative centroid is at 39° 

18’ 22” N, 74° 41’ 42” W. New Jersey outline map is not to scale. SA is S. alterniflora and SP is S. 

patens. Created in ArcGIS Pro, version 2.9.1 (Esri Inc. 2021). 
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Landscape Metrics 

Our landscape and patch characterizations revealed considerable differences be-

tween the northern and southern marshes, as well as between 2006 and 2019 within a 

marsh (Table 1). Both the northern and southern marshes had decreases in the number of 

S. patens patches (northern: 297361 to 195052, southern: 388377 to 123927) and in patch 

density (northern: 3934.81 to 2581.01 (100 ha-1), southern: 5454.06 to 1740.28 (100 ha-1)). 

However, the northern marsh saw increases in percent cover of S. patens (11.49% to 

12.41%, gain of 7.41%; Figure S4) and radius of gyration (0.89 m to 1.13 m) while the south-

ern marsh had drastic reductions in percent cover (18.80% to 3.54%) from 2006 to 2019 (for 

a loss of 81.17%) and only moderate gains in radius of gyration (0.91 to 0.94). Thus, it is 

clear that the northern marsh gained S. patens coverage and patches became more con-

nected, which is reflected in the increases in total core area (496.73 to 644.42 ha) and aver-

age patch size (29.22 to 48.11 m2), compared to decrease in total core area (770.85 to 133.39 

ha) and average patch size (34.47 to 20.34 m2) in the southern marsh. Further, LSI did not 

reveal drastic differences between the marshes, nor did the complexity measurements (to-

tal edge, edge density, perimeter-to-edge ratio). Finally, the southern marsh saw a dou-

bling of its IJI (24.91% to 57.80%), indicating that the southern marsh is now considerably 

more fragmented with a higher number of small patches surrounded by S. alterniflora 

and/or water, while the northern marsh saw only moderate increases (65.11% to 77.77%) 

from its much higher initial value. 
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Table 1. Selected landscape metrics to evaluate S. patens over time in our target marshes. LSI is 

landscape shape index, IJI is interspersion juxtaposition index, and PARA is perimeter-to-area ratio. 

Cover includes water as a class in the total landscape. Edge depth set to cell size: 1-m for Spartina 

due to small stem radius. 

Landscape Metric 

(Class Level) 

Northern Marsh Southern Marsh 

2006 2019 2006 2019 

Total Area (ha) 868.98 938.56 1338.73 252.08 

Cover (%) 11.49 12.41  18.80 3.54 

No. Patches (no units) 297361 195052 388377 123923 

Patch Density 

(No. Patches 100 ha-1) 
3934.81 2581.01 5454.06 1740.28 

Average Patch Size (m2) 29.22 48.11 34.47 20.34 

Total Core Area (ha) 496.73 644.42 770.85 133.39 

Radius of Gyration (m) 0.89 ± 3.16 1.13 ± 4.06 0.91 ± 3.50 0.94 ± 2.47 

LSI (no units) 579.48 410.67 696.49 352.31 

IJI (%) 65.11 77.77 24.91 57.80 

Total Edge (km) 6827.33 5025.35 10134.35 2238.16 

Edge Density (m ha-1) 903.42 664.98 1423.19 314.31 

PARA (m-1) 3.26 ± 0.92 3.07 ± 1.04 3.30 ± 0.91 3.13 ± 1.03 

Forecasting and Evaluating Change 

Our geospatial subtraction analysis yielded a clear visual depiction of relative com-

munity change across our target marshes (Figure 4). A shift refers to any change no matter 

how small in the following description. We found that, not only was there a vast reduction 

in S. patens in favor of S. alterniflora for the southern marsh as detailed previously, but 

there were also shifts in community structure across both marshes. For example, there 

were many small shifts in the northern marsh from S. patens to S. alterniflora, but also from 

S. alterniflora to S. patens. However, these were less intense than the changes from S. patens 

to S. alterniflora exhibited by the southern marsh. The southern marsh also exhibited some 

change from S. alterniflora to S. patens restricted to the banks of streams. All other shifts 

that involved water as a third class can be found in Figure S5. Our time series analysis 

elucidated distinct trends for S. patens in both marshes (Figure 5). The northern marsh saw 

losses of S. patens from 1213.90 ha in 2008 to 716.07 ha in 2010 and from 865.32 ha in 2013 

to 638.99 ha in 2015. However, from 2006 to 2008 and 2010 to 2013, the northern marsh 

saw modest gains of S. patens and, from 2015 to 2019, saw gains leading to a cover of 937.87 

ha that surpassed the original classified area of S. patens from 2006. Our forecasting of the 

northern marsh also modeled moderate gain over the next 5 years until 2024, where S. 

patens was predicted at the highest coverage since maximum S. patens in 2008 at 1158.16 

ha. The southern marsh experienced stagnation or loss of S. patens over every span of years 

plotted in its time series, except for gains from 481.07 ha to 765.29 ha between 2010 and 

2013. Forecasting predicted S. patens cover of 151.78 ha in 2022 and final S. patens cover of 

84.70 ha in 2024. 
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Figure 4. Geospatial community change from 2006 to 2019 for our target marshes. Note that majority 

of change occurs in the southern marsh from S. patens (SP) to S. alterniflora (SA). Northern marsh 

relative centroid is at 39° 33’ 20” N, 74° 26’ 26” W; southern marsh relative centroid is at 39° 18’ 22” 

N, 74° 41’ 42” W. Created in ArcGIS Pro, version 2.9.1 (Esri Inc. 2021). 
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Figure 5. Time series depicting S. patens (SP) changes for our target marshes using imagery from 7 

years between, and including, 2006 and 2019. Forecasting predicts future trends for S. patens with 

Holt’s Linear Trend Confidence Interval where darker shaded regions are 80% confidence intervals 

and lighter regions are 95% confidence intervals. Created in R, version 4.1.3 (R Core Team 2022). 

We found that models including streamflow and total N, but without their interac-

tion, best predicted responses of S. patens for both the raw and interpolated data. Full 

model selection results can be found in Table S2. Though both streamflow (��= -1.40, 95% 

credible interval = -2.06 to -0.71) and total N (��  = -5.22, 95% credible interval = -6.99 to -

3.31) were strong predictors of S. patens loss, total N was the strongest predictor overall 
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for the interpolated data (the intercept overlapped no Bayesian credible intervals for 

streamflow and total N; Figure 6). For the raw data, streamflow was a strong predictor of 

S. patens loss (��= -1.91, 95% credible interval = -3.05 to -0.49), while total N was less likely 

to have an effect (��  = -1.73, 95% credible interval = -5.53 to 2.48; intercept overlapped 80% 

Bayesian credible interval). In general, credible intervals for parameter estimates from the 

interpolated data were more compact, and thus more reliable, than those from the raw 

data. 

 

Figure 6. Parameter estimates for our best models following model selection in Table S2. The inter-

polated models included estimates for S. patens for years without available imagery. These were 

then compared to available streamflow and nutrient data from Lester et al. (2020). The darkest re-

gions for each parameter are 50% Bayesian credible intervals, the moderately dark regions are 80% 

Bayesian credible intervals, and the lightest regions are 95% Bayesian credible intervals (Hespanhol 

2019). Any parameter overlap of the dashed intercept can be treated as though that parameter is less 

likely to have driven losses of S. patens. Meanwhile, greater parameter distances from the intercept 

are greater likelihoods that the loss of S. patens is driven by that parameter. All models converged 

for markov chains before achieving maximum iterations. Created in R, version 4.1.3 (R Core Team 

2022). 

4. Discussion 

Our analyses revealed substantial changes to the distributions of two foundation spe-

cies along the New Jersey coast. However, the changes experienced by our target marshes 

were markedly different. Most notably, we found that our southern site suffered an 

81.17% (1,087 ha) loss of S. patens, while our northern site experienced stochastic change. 

We found that this drastic loss of S. patens in the southern marsh was likely due to in-

creased streamflow and nitrogen inputs. The loss of over 1,000 ha of S. patens in the south-

ern marsh over 13 years appears to be one of the largest S. patens losses ever recorded, 

though we did not detect full scale losses of the salt marshes in general. 

Past surveys from the U.S. government found a 1% loss of total salt marsh area along 

the Atlantic coast from 1998-2004 (Stedman and Dahl 2008) and a 0.4% reduction in total 

area from 2004-2009 (Dahl 2011). Although these losses declined over time, Campbell and 
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Wang (2020) found that much of the Tuckahoe-Corbin City Fish and Wildlife Manage-

ment Area (the southern marsh of our study) lost a significant amount of aboveground 

biomass ranging from 142 to 1,031 g m-2. The areas that saw the highest reduction in bio-

mass appear to correspond with the areas where we saw the largest transformations of S. 

patens to S. alterniflora, which reflects findings that S. patens typically has larger above-

ground carbon stocks (Elsey-Quirk et al. 2011; Snedden et al. 2015), often with equivalent 

amounts of live and dead biomass (Rippel et al. 2020). Thus, our results confirm drastic 

transformations found by Campbell and Wang (2020) and elucidate that these changes are 

likely due to shifting assemblages of foundation species despite a relatively small loss of 

Atlantic coast salt marshes overall in the past 20 years (Dahl 2011; Stedman and Dahl 

2008). Forecasting of our marsh classifications for all years predicted a continuous decline 

in S. patens in the southern marsh and a relative gain in the northern marsh. This further 

exemplifies the stark differences seen between two marshes only 25 miles apart from one 

another. Although the conversion of S. patens to S. alterniflora has been shown on smaller 

scales (Donnelly and Bertness 2001; Warren and Niering 1993; Watson et al. 2016; Zajac et 

al. 2017), only a few examples exist in the literature of geographically close ecosystems 

with distinct changes in foundation species under similar disturbance conditions. In one 

example, Carey et al. (2017) reported distinct differences in elevation gain between two 

nearby marshes over a 10-year period, where one marsh was not keeping up with sea level 

rise while the other was, although there were no significant changes in foundation species 

in either marsh. Our results provide an example that similar geography, spatial location, 

and protected management between ecosystems may not predict similar changes to salt 

marsh foundation species over time. 

Why did our target marshes change so disparately over the past 15 years? Notably, 

from 2006-2016 the Great Egg Harbor River feeding the southern marsh had >4× the 

streamflow, 2× the total nitrogen, and nearly 2× the total phosphorus than the Mullica 

River feeding the northern marsh. The results of our mixed-effects models indicated that 

streamflow and total N were important drivers of S. patens loss regardless of marsh and 

year for the interpolated data. Streamflow remained an important driver for the raw data, 

while total N was less predictive. Both marshes were inundated with the highest stream-

flow from their respective rivers in 2010, which corresponds to the greatest losses seen in 

the southern marsh. Furthermore, the southern marsh appears to experience losses 

throughout with a concentration along the Great Egg Harbor River (Figure 3), while 

changes seen in the northern marsh appear to be more stochastic. Thus, it is plausible that 

higher nutrient concentrations and higher average streamflow had already stressed the 

southern marsh, leading to a threshold collapse that resulted in drastic losses of S. patens 

over a relatively short time, as has been seen in other ecosystems (e.g., Boada et al. 2017; 

Connell et al. 2017; Liu et al. 2020a). Perhaps most critically, the relationships we found 

for losses of S. patens, as a result of higher streamflow and total N, are compatible with 

current knowledge of ecological dynamics in salt marshes of the Eastern US (Bertress 1991; 

Elsey-Quirk et al. 2019; Gedan and Bertness 2010; Snedden et al. 2015; Watson et al. 2016; 

Zajac et al. 2017). Analyzing interpolated S. patens cover was important as S. patens loss is 

not a stagnant process and is better understood as a trend over time. Furthermore, we 

were able to relate streamflow and nutrient data for years between imagery dates which 

allowed us to capture yearly trends more holistically. Our results show that trends may 

not be appropriately captured when only considering certain imagery dates as losses 

could be the result of lags or simply be caused by higher inputs in between imagery years. 

Similarly, the lack of coverage of our raw data was a probable cause of wider Bayesian 

credible intervals, and thus less credible results, versus those from the interpolated data. 

Our landscape metrics analysis revealed only moderate differences in community 

structure for the northern and southern marshes in 2006, followed by profound changes 

in subsequent years (Table 1). One may have expected to find indicators of S. patens loss, 

such as lower elevations, higher edge densities, perimeter-to-edge ratios, and isolation, as 

these are known to have negative impacts on S. patens and its dependent communities 
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(Bertness 1991; Rippel et al. 2020; Wimp and Murphy 2021). The northern and southern 

marshes are similar in size and in 2006 had a similar amount of S. patens, similar average 

patch sizes, similar perimeter-to-edge ratios, and similar physical parameters. Further, the 

northern marsh was more fragmented, as measured by IJI, than the southern marsh in 

2006. These results demonstrate that there was little indication of a massive shift in S. 

patens abundance in the southern marsh, which could be expected from patches with high 

perimeter-to-edge ratios, small areas, or low elevations (Delaney et al. 2000; Hartig et al. 

2002; Rippel et al. 2020; Watson et al. 2016). Previous research has indicated that loss of S. 

patens can have substantial impacts on animal and microbial communities, such as the 

threatened salt sparrow (Bayard and Elphick 2011), specialist herbivores (Denno 1977), 

generalist predators (Wimp et al. 2011, 2019; Wimp and Murphy 2021), detritivorous 

snails (Johnson and Williams 2017; Zajac et al. 2017), and many others. As habitat special-

ists, these organisms will also be impacted by the increased isolation and fragmentation 

of these patches (Benoit and Askins 2002; Denno and Roderick 1991; Wimp et al. 2011, 

2019; Wimp and Murphy 2021). Furthermore, many fish (Harrison-Day et al. 2021) and 

bird species (Ladin et al. 2020) are endemic to Eastern US salt marshes and utilize many 

of the above resources. Thus, the impacts of S. patens dieback on animals and other organ-

isms dependent on S. patens should be investigated in the southern marsh. 

Our results show that with the use of 1-m VHR imagery, simple yet practical machine 

learning methods can finely capture community transformations across broad geospatial 

and temporal scales. We achieved S. patens accuracy of 94.59% for the 2006 imagery and 

100% for 2019, the highest observed in any literature thus far. We acknowledge that an 

accuracy of 100% is rare and may cause skepticism. Thus, we rigorously examined our 

landscapes for 2019 and confirmed that classifications of S. patens aligned extensively with 

our knowledge of S. patens from aerial imagery and ground-level observations (Figures 

S2 and S3). We have also given evidence that this result is substantiated with increasing 

testing data (Figure 2). Additionally, we saw overall accuracy >90% for all classification 

years, reaching upwards of 98.75% for 2019. Marshes in New Jersey’s Atlantic coastal 

plain are heavily dominated by S. alterniflora and S. patens, which exist in nearly entirely 

separate patches that are visually distinct (Kennish et al. 2014; Watson et al. 2016; Wimp 

and Murphy 2021). Given the high classification accuracy of our methods, the use of VHR 

imagery in GEE would also be helpful for ecosystems which share the distinguishing qual-

ity of Spartina spp. marshes and for studies which seek to achieve a broader level of clas-

sification, such as for analyzing relative abundance of distinct communities that share a 

geographic space. GEE should be considered a cost-effective gateway into the world of 

machine learning for geospatial analyses. Since GEE is a cloud-based resource, its use 

could also lead to the development of more refined methods without needing to rely on 

immense personal computing power or high internet speeds. This potentially solves a lin-

gering issue in broad-scale geospatial analyses, where large, high-resolution landscapes 

typically require intense computational resources with client-side software such as Arc 

products, R, or Python (Mutanga and Kumar 2019). Utilizing different types of data, such 

as near-infrared (Liu et al. 2020b), or other classification methods (e.g., random forest, na-

ive Bayesian) would further extend our methods to a broader range of ecosystems that 

differ more intensely based on alternative data. 

5. Conclusion  

Access to substantial datasets as used in this project is a luxury we have in landscape 

ecology that is unparalleled in most other fields. However, past research has shown that 

adequately representing fine-scale dynamics across large areas can be difficult. Our re-

sults indicate that broad landscapes can be classified simply and effectively with powerful 

server-side analyses. Large changes in community structure are typically slow processes; 

our findings indicate that, for certain ecosystems, this is not the case. We showed that two 

geographically close marshes had distinctly different losses of S. patens over a 13-year 

period, with one marsh suffering an 81.17% loss and the other seeing little overall change. 
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Our results detail the context-dependency of habitat loss at the landscape scale, where one 

landscape can be experiencing a threshold for ecosystem collapse while a similar and 

nearby landscape experiences stochasticity. Further, our analysis of potential drivers of 

this loss revealed that increases in streamflow and total riverine nitrogen concentrations 

were both associated with losses in S. patens. These broad-scale results confirm plot level 

studies of the dominance of S. alterniflora over S. patens in higher tides and with higher 

nitrogen concentrations, illustrating that we cannot simply apply models of best-case sce-

narios to all similar ecosystems in a given area.  

Supplementary Materials:  

Fig. S1 Model accuracy for increasing numbers of randomly partitioned training data used in ma-

chine learning supervision. Analyses were continued at least 5 steps past the selected # of training 

data to ensure that we satisfied the overfitting clause. X = 1080 was chosen as a graphical cutoff as 

it was the entry before overfitting for the year with the greatest numbers of training data to reach 

equilibrium. Created in R, version 4.1.3 (R Core Team 2022). 

Fig. S2 2019 RGB image classification of a roughly 350 ha sample region (Spartina spp. marsh in 

Galloway and Bass River, NJ; 39°32’54” N, 74°25’44” W) for cases with increasing breadths of train-

ing data. Pane A was trained with 240 total entries from the surrounding area (Accuracy = 93.3%), 

Pane B with 480 (Accuracy = 97.5%), Pane C with 720 (Accuracy = 98.3%), and Pane D with 960 

(Accuracy = 98.8%). Pane E is the 960 (most accurate) training entry case for comparison with Pane 

F, a true color image. SA is S. alterniflora and SP is S. patens. Projection: WGS 84 / UTM Zone 18N. 

Created in ArcGIS Pro, version 2.9.1 (Esri Inc.). 

Fig. S3 Geospatial example comparison of NAIP imagery (TC for true color) and our supervised 

classifications (ML for machine learning) used to confirm machine learning accuracy measures. 

These depictions are roughly 1/100th the total area of our marshes. S. alterniflora: dark green and S. 

patens: light green. Note the consistently accurate predictions for S. patens, even capturing exact 

shapes of patches. Furthermore, note the increase in marsh ponding captured for 2019 as a proxy 

for fine-scale dynamics accurately represented in our final models. Relative centroid is at 39° 17’ 

12.8” N, 74° 40’ 26.3” W. Created in Google Earth Engine (Gorelick et al. 2017). 

Fig. S4 Relative cover of S. alterniflora (SA) and S. patens (SP) for our target marshes from 2006 to 

2019. Percentage values do not sum to 100 as water is not included, an aesthetic chosen to emphasize 

the target relationship. Created in R, version 4.1.3 (R Core Team 2022). 

Fig. S5 Geospatial community change (2006-2019) for our target marshes. Note that most obvious 

changes occur from S. patens (SP) to S. alterniflora (SA) in the southern marsh. Northern marsh rela-

tive centroid is at 39° 33’ 20” N, 74° 26’ 26” W; southern marsh relative centroid is at 39° 18’ 22” N, 

74° 41’ 42” W. Created in ArcGIS Pro, version 2.9.1 (Esri Inc. 2021). 

Table S1 Proximal stream gauge data for our target marshes (modified from Lester et al. 2020). 

These parameters are reflective of relative inputs to the marshes and as such are used in this study 

as a proxy. The rivers used for each marsh are 1st order streams and are sustained via the confluence 

of other smaller rivers. Thus, they also represent the most dominant inputs of streamflow and nu-

trients to their respective marshes. Note the much larger streamflow and nitrogen inputs to the 

southern marsh. Total N included all measured nitrogen-based inputs. Total P included all meas-

ured phosphorus-based inputs. 

Table S2 Model comparison results for environmental predictors of the total area of S. patens patches 

in each marsh. Models were compared using leave-one-out cross-validation (Vehtari et al. 2017). 

ELPD stands for the expected log pointwise predictive density. The farther away a model is from 0 

ELPD, the less relative predictive power it has. Thus, the bolded central model is the best model for 

both raw and interpolated (INTRP) data. All models converged for markov chains before achieving 

maximum iterations. 
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