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Abstract: Sea level rise (SLR) poses a significant threat to shorelines and the environment in terms of
flooding densely populated areas and associated coastal ecosystems. Scenario analysis is often used to
investigate potential SLR consequences, which can help stakeholders make informed decisions on cli-
mate change mitigation policies or guidelines. However, SLR scenario analysis requires considerable
geospatial data analytics and repetitive execution of SLR models for alternative scenarios. Having
to run SLR models many times for scenario analysis studies leads to heavy computational needs
as well as a large investment of time and effort. This study explores the benefits of incorporating
cyberinfrastructure technologies, represented by scientific workflows and high-performance com-
puting, into spatially explicit SLR modeling. We propose a scientific workflow-driven approach to
modeling the potential loss of marshland in response to different SLR scenarios. Our study area is the
central South Carolina coastal region, USA. The scientific workflow approach allows for automating
the geospatial data processing for SLR modeling, while repetitive modeling and data analytics are
accelerated by leveraging high-performance and parallel computing. With support from automation
and acceleration, this scientific workflow-driven approach allows us to conduct computationally
intensive scenario analysis experiments to evaluate the impact of SLR on alternative land cover types
including marshes and tidal flats as well as their spatial characteristics.

Keywords: scientific workflow; sea level rise modeling; marshland; cyberinfrastructure

1. Introduction

Marshlands are one of the most vital ecosystems on the planet as they provide a
number of ecosystem services to humans and serve as essential habitats for a diverse range
of species. Marshes are, however, at the frontlines of sea level rise (SLR). According to the
Intergovernmental Panel on Climate Change (IPCC), sea levels could rise anywhere from 1
to 3 m in the coming centuries [1]. The sheer speed of this change could be disastrous to the
pertinent coastal wetlands due to the effect of “coastal squeeze”, a phenomenon in which
wetlands are unable to migrate inland both due to the speed of SLR and the presence of
coastal human-made infrastructure that blocks the migration path of wetlands [2]. It is thus
necessary to assess the vulnerability of wetlands for communities so that policymakers
can produce informed policies that prevent marshland shrinkage and even disappearance,
considering the ecosystem services that marshes provide to plant and animal species [2].

The study of the potential loss of marshland has intrigued researchers from different
domains of study, including biology, economics, ecology, anthropology, and geography.
A number of domains can benefit from being able to efficiently analyze and quantify the
amount of marshland that could be lost in a specific study area, which requires the use of
SLR modeling.
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SLR modeling began in the 1980s as awareness of Antarctic ice sheet instability grew.
Early estimations were simple analyses of sea level change versus global temperature,
dubbed “bathtub models”, which eventually grew into estimations using models and
larger amounts of contextual information in the late 1980s [3]. Considering the difficult
task of estimating an exact rate of SLR over the coming decades, studies examining SLR
consequences often examine the effects of multiple rates of SLR to determine trends and
differences between scenarios (see [4]). To support such analyses, a series of models have
been developed to evaluate SLR impacts, such as DIVA, SimCLIM, BTELSS, or SLAMM [5].
To quantify potential land cover change as seas rise, a spatial representation based on raster
data is often used to provide measurements of loss due to the easily calculated grid of cells
for explicit representation of spatial processes [6].

The Sea Level Affecting Marshes Model (SLAMM), developed in the 1980s [7], can
quantify the land cover change in response to SLR by analyzing each raster cell within a
study area against its neighboring cells in tandem with elevation and slope data. The model
is recognized for its ability to simulate inundation, erosion, soil saturation, and barrier
island overwash. SLAMM can run simulations with input data that are freely available,
making it useful for researchers, particularly with budget constraints. The model creates
GIS-compatible outputs, rendering it well-suited for researchers with GIS experience or
backgrounds. SLAMM has been used extensively in scientific research and known bugs are
solved as the program is continuously updated with new releases [8].

Examples of SLAMM being used for the study of SLR impact include Linhoss’ study [4]
on inundation and marsh migration in Northeastern Florida which found significant land
cover change for upstream rivers driven by the migration of wetland [4]. Another example
is Akumu et al.’s study in 2011 [9] on the potential impacts of SLR in a rapidly growing
region of New South Wales, suggesting approximately 25% freshwater marshes in the
region could be lost by the end of this century [9]. The model has been met with criticism
due to the lack of empirical outputs [10]; however, incorporating SLAMM into workflows
can increase quantitative output data for verifiable land cover change results. For more
examples of SLAMM applications in wetland studies, please refer to [11–13]. Furthermore,
SLAMM can be used to gauge marshland loss for time periods in the past by using historical
data. Results can be compared with observed sea level and marshland loss trends, a practice
called hindcasting, in which researchers conduct retrospective analyses (see [14–16]).

However, SLR modeling, represented by SLAMM, often includes analyzing different
study areas at multiple spatiotemporal scales and with various SLR rates for scenario
analysis. As a result, large amounts of time must be spent on preprocessing, analyzing,
and post-processing geospatial data associated with SLR modeling that often needs to be
repeated a number of times. These shortcomings often discourage those without geospatial
data analytics backgrounds from studying the impact of SLR on marshland, which calls for
a solution for SLR modeling.

Cyberinfrastructure technologies, more specifically, high-performing computing (HPC),
massive data handling capabilities, and virtual organization [17], have the power to auto-
mate and integrate data analytics and modeling modalities related to SLR studies. Cyberin-
frastructure technologies encompass computing systems, advanced data management and
visualization techniques, and collaborative software tools for innovative and transformative
research [17]. A cyberinfrastructure technology common in both academia and industries is
the scientific workflows [18,19], or automation technologies that can integrate and execute
various models or tasks without (or with minimal) human intervention. Scientific work-
flows can be easily repeated to support reproducible scientific studies, allowing for, for
example, verification and validation of results by other professionals collaboratively [20],
and can be implemented in a way that new data and parameters can be plugged in as
needed [21]. The implementation of scientific workflows can range from the use of basic
scripts that call upon data and models to produce outputs in an automatic manner, to
complex programming with GUI that chains data and models together [22].
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Scientific workflows are created for the purpose of supporting and automating tasks
so that they can be used or re-used by people throughout the research community [20,23].
Scientific workflows have been increasingly repurposed and reproduced so that scientists
with less familiarity with scientific workflows can use them in their own research. There
have been ongoing improvements to scientific workflow validation, minimizing potential
imprecision of results. Parallel computing has been incorporated into scientific workflows
which allows for results to be produced much faster than sequential computing (also known
as serial computation), and cloud computing has allowed researchers to schedule scientific
workflows to be executed on remote virtual machines [18]. Scientific workflows are often
conceptually represented as directed acyclic graphs (DAG), which represent relationships
between tasks (as nodes) and are used for various business and scientific purposes. Nodes
in a scientific workflow graph can represent any computational task from data processing
to complex analytics or models [24]. Edges in the graph show how data move throughout a
workflow and are processed. These improvements to scientific workflows over the past two
decades have made them a useful tool for research in geospatial data sciences considering
the large amounts of data that are needed for reproducible processing and analysis [22].

As an example of scientific workflows implemented in wetland studies, Tang et al. in
2017 [25] developed a cyber-enabled spatial decision support system (SDSS) framework
to locate basecamps for the purpose of inventorying mangrove forests in the Zambezi
River delta of Mozambique. Tang et al. utilized cloud computing and high-performance
computing within scientific workflows to work with large amounts of data. Further, Tang
et al. [26] aimed to estimate the biomass of mangroves throughout the world due to previous
studies mainly focusing on mangrove biomass at local scales. Mangroves are an important
habitat in relation to climate change studies, as they sequester large amounts of carbon
from the atmosphere [26]. The study examined the biomass of mangroves throughout the
world, which requires the handling of massive datasets that needed efficient and automated
processing.

Further application of scientific workflows in marshland studies was reported by
Felton et al. [27], in which an automatic approach was used to detect wetlands present in
existing data for large study areas. Their automatic approach allows for cost-effective and
efficient wetland mapping. Felton et al. were able to create a workflow that was less likely
to falsely predict wetlands than the National Wetlands Inventory dataset. Wu et al. [28]
explored the development of automated systems to map the flooding dynamics of wetlands
using light detection and ranging (LiDAR) and Google Earth Engine. Wu et al. [28] found
that their workflow was able to delineate wetland flooding status as well as illustrate the
hydrological dynamics of the wetlands within the study area. Wu et al. stressed that their
workflow can be replicated and scaled up or down to study various wetland areas. These
examples show scientific workflows being implemented in wetland studies to improve data
processing and analytics to help understand environmental trends. However, scientific
workflows have yet to be studied to improve the efficiency of the SLR modeling.

Scientific workflows have become more prevalent in interdisciplinary areas of re-
search, as big data and data science converge into interdisciplinary study domains [26,29].
Specifically, in the realm of geospatial and environmental research, the amount of data
available to researchers has grown extensively. This growth allows for more expansive
data-driven research, but also leads to computationally demanding and labor-intensive
geospatial data processing or analytics. These efficiency shortcomings apply to the study of
marshland and SLR modeling. By combining scientific workflows with sea level prediction
models, data (input and output) can be analyzed efficiently and repeatedly, allowing for the
dissemination of SLR predictions, and potentially supporting policymakers to enact climate
change mitigation policies or adaptive strategies. Thus, in this study, we will investigate
how scientific workflows can automate data analytics and modeling techniques specifically
for the purpose of estimating potential change (mostly loss) of marshland and associated
spatial characteristics in response to SLR.
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2. Study Area and Data Collection
2.1. Study Area

Our study area is the central coast region, South Carolina, USA (see Figure 1). The
study area covers Charleston County of South Carolina and the surrounding inland. The
City of Charleston is located in our study area (marked by a blue star in Figure 1) and is a
rapidly growing metropolitan area in the southeastern portion of South Carolina with an
estimated population of around 800,000 [30]. The climate of the study area is featured by
warm and temperate conditions (56 to 76 degrees Fahrenheit), and receives a substantial
amount of rainfall (33 to 69 inches of annual precipitation) throughout the year which is
compounded by its vulnerability to tropical storms and hurricanes [31]. With respect to
topography, the study area is mostly flat (0–60 m) with marshes, beaches, and urban areas.
The land value in this area continues to rise along with the population, making SLR both a
conservation and economic concern to the area [32].
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Figure 1. Map of the study area: central coast region, South Carolina, USA.

The marshes in this study region are mainly distributed in Mt. Pleasant, Sullivan’s
Island, Isle of Palms, James Island, Morris Island, Folly Island, John’s Island, Daniel Island,
and West Ashley. The study area has less than 450 square kilometers of regularly flooded
salt marshes as of 2016.

2.2. Data Collection

The SLR simulation model used for scenario analysis in this study is SLAMM [8].
SLAMM requires both spatial and nonspatial data, as well as temporal inputs. There are
three spatial input data as follows. The first input is land cover data, which is derived
from a combination of the Multi-Resolution Land Characteristics Consortium’s National
Land Cover Dataset (NLCD; see Table 1) and the United States Fish and Wildlife Service’s
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National Wetlands Inventory (NWI; see Table 1) data. Second, an elevation dataset is
required, which we sourced from the South Carolina Department of Natural Resources
(derived from a LiDAR-based digital elevation model (DEM) with a spatial resolution of
3 m by 3 m). Finally, SLAMM also needs a slope dataset which is estimated from the DEM
(see Figure 2). The spatial resolution of all 3 raster SLAMM inputs is set to be 10 m by 10 m
as a trade-off between the computing resource limitation (mainly computer memory) and
the granularity of the spatial scale of interest. The DEM and land cover datasets are from
the year 2016. The landscape size is 13,675 rows by 15,948 columns at a spatial resolution of
10 m by 10 m.

Table 1. List of datasets used in this study.

Data Dataset Title Source Data Type URL

Land cover National land cover
dataset (NLCD)

Multi-Resolution Land
Characteristics

Consortium
Raster [33]

Wetland National wetlands
inventory (NWI)

United States Fish and
Wildlife Vector [34]

Elevation DEM
South Carolina

Department of Natural
Resources

Raster [35]

Historic sea
levels

Relative Sea Level
Trend

National Oceanic and
Atmospheric
Association

Time Series [36]

Slope Derived from DEM Raster
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For nonspatial data, the dates of the spatial data and the historic rate of SLR for the
study area are the minimum requirements. For the temporal component of the SLAMM
model, users can specify an amount of SLR over a defined period of time into the future.
For example, we could create SLR scenarios for a range of 0–3 m of SLR by 2100. The
data for this study is reflective of the SLAMM inputs. Land cover, elevation, historic sea
level trends, modeling timeframe, and SLR are the parameters of the model affecting the
potential loss of marshland.

Several main land cover types are reported, including developed dry land, undevel-
oped dry land, regularly flooded marsh (saltwater marshes), tidal flats, freshwater marshes,
and water bodies. Table 2 shows how these major land cover classifications are derived ini-
tially from the NLCD and ultimately from the corresponding SLAMM land cover category.
The NLCD has more categories than are represented in the study area, which is why only
six categories are accounted for in undeveloped dry land.

Table 2. Land cover classifications and corresponding NLCD and SLAMM categories.

Major Land Classification NLCD Classes SLAMM Category

Developed dry land (man made
infrastructure and agriculture)

21–24 1

Undeveloped dry land (dry vegetation) 31, 42, 43, 52, 71, 82 2

Swamp NWI 3

Cypress swamp NWI 4

Trans. salt marsh NWI 7

Regularly flooded marsh NWI 8

Mangrove NWI 9

Estuarine beach NWI 10

Tidal flats NWI 11

Ocean beach NWI 12

Irregularly flooded marsh NWI 20

Inland shore NWI 22

Tidal swamp NWI 23

Freshwater marsh NWI 5 + 6

All water bodies NWI 15 + 16 + 17 + 19

The wetland categories (regularly flooded marsh, freshwater marsh, tidal flats, and all
water bodies) derived from the NWI dataset are converted to SLAMM categories according
to SLAMM’s technical documentation (page 43; see http://warrenpinnacle.com/prof/
SLAMM6/SLAMM6_Technical_Documentation.pdf; accessed on 1 May 2023). Table 3
shows the area of each land cover type and its percentage of overall land cover in 2016.

http://warrenpinnacle.com/prof/SLAMM6/SLAMM6_Technical_Documentation.pdf
http://warrenpinnacle.com/prof/SLAMM6/SLAMM6_Technical_Documentation.pdf
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Table 3. Summary of land cover types in our study region in 2016.

Land Classification Area in 2016 (sq. km.) Percentage of Total Land Area in 2016

Developed dry land (man-made infrastructure and
agriculture) 472.90 7.49%

Undeveloped dry land (dry vegetation) 2173.90 34.43%

Swamp 1386.04 21.95%

Cypress swamp 8.07 0.13%

Trans. salt marsh 3.22 0.05%

Regularly flooded marsh 448.23 7.10%

Mangrove 3.26 0.05%

Estuarine beach 49.41 0.78%

Tidal flats 1.03 0.10%

Ocean beach 6.07 0.10%

Irregularly flooded marsh 82.28 1.30%

Inland shore 14.58 0.23%

Tidal swamp 60.17 0.95%

Freshwater marsh 142.01 2.25%

All water bodies 1463.61 23.18%

3. Methodology

In this section, we present a spatially explicit framework of using scientific workflows
for automated SLR modeling. Then we focus our discussion on four scientific workflow
modules that constitute the entire framework. Last, we described our implementation of
this scientific workflow framework.

3.1. Framework

The overall spatially explicit framework, named GSWAM-SLR (GIS-based Scientific
Workflows for Automated Modeling of Sea Level Rise; see Figure 3) consists of four major
modules: data preprocessing, SLR modeling, data post-processing for landscape pattern
analysis, and parallel computing. The purpose of implementing the overall framework
includes minimizing human interaction, preventing potential human error, along with
decreasing the overall time to analyze the data. In the data preprocessing module, the
collected data inputs are processed within GIS environments and transformed into the
required spatial datasets for the SLAMM model. For the module of SLR modeling, model
runs for scenario analysis are configured and executed. We implement a landscape pattern
analysis module during post-processing to further analyze the GIS-based SLR modeling
results for their spatial characteristics. Considering the computational intensity of SLR mod-
eling and landscape pattern analysis, we used a parallel computing module to accelerate
these two computationally demanding steps.

3.2. Scientific Workflow for Data Preprocessing

SLAMM requires a minimum of three spatial datasets: elevation, land cover, and slope.
The finalized datasets used for SLAMM are derived from a DEM dataset, the National Land
Cover Dataset (NLCD), and the National Wetlands Inventory (NWI). Prior to preprocessing
all of the data, the NWI data requires to be reclassified to corresponding categories that
SLAMM uses (refers to Table 2) to simulate the land cover change of the study area. For
example, regularly flooded marsh is category 8 for SLAMM, and any regularly flooded
marsh from the NWI dataset required this category added as an attribute.
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scenarios were used as an example to illustrate the need of repetitive models runs in sea level rise
modeling).

The pre-processing scientific workflow (see Figure 4) begins by re-projecting the DEM
dataset to Albers Conical Equal Area (WGS1984) to match the land cover dataset. The DEM
is then resampled from a spatial resolution of 3 m to 10 m. This reprojected and resampled
DEM is used in the calculation of slope. Both DEM and slope rasters are exported to
ASCII format for use in SLAMM. The NWI data are converted to raster data format after
reprojection to Albers Conical Equal Area (again, to match the land cover dataset). The
NLCD dataset is clipped and snapped (through an Extract by Mask tool in ArcGIS Pro)
using the resampled DEM. This step is necessary to reduce the computing time of the
following steps by limiting the national land cover dataset to only cover the study area.
This step is followed by reclassification to match the required SLAMM input land cover
categories. The NWI and NLCD datasets are combined into a new raster dataset of the
land cover. In the case of two overlapping pixels, the NWI Wetlands dataset is chosen
as it contains more detailed SLAMM categories. The land cover mosaic raster is then
clipped and snapped to the resampled DEM for consistency. Finally, this combined land
cover raster is converted to ASCII format. The preprocessing model for this study was
implemented inside ArcGIS Model Builder (in ArcGIS Pro 2.7.2) but can be accomplished
inside any GIS software.

3.3. Scientific Workflow for Sea Level Rise Modeling

SLR model used in this study is SLAMM. The SLAMM model can create spatially
explicit outputs of various SLR scenarios, making it useful for comparing how different
rates of SLR could impact a study area. Conceptually, the SLAMM model is based on
a raster-based spatial representation to examine each cell within a study area against its
neighboring cells for processes associated with SLR. For example, if a marshland cell is
surrounded by ocean and developed land, then the marshland in that cell is unable to
migrate and will be lost to SLR [8].

SLAMM predicts land cover change using its decision trees built into the model to
examine geometric and qualitative relationships between land cover classes. The decision
trees examine each cell individually and the neighboring cells, considering the cell’s prox-
imity to different bodies of water, elevation, and its land classification, to determine if the
cell will be converted and what the new land type will be. SLAMM takes into account six
possible processes that affect wetland dynamics in response to SLR: inundation, erosion,
overwash, saturation, accretion, and salinity. The SLAMM uses spatial processes to de-
cide how marshland could potentially be converted. For the conversion of wetlands, the
possible movement or loss of a wetland cell is a function of the slope of the cell and the
minimum possible elevation of wetlands as seas rise.
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To determine the potential land cover change in response to SLR, the SLAMM model
uses varying scales of neighborhood analysis. Technically, when the potential of accretion
of sediment is evaluated as seas rise, a cell’s distance to a river or tidal channel will play
a factor in whether or not a wetland cell could experience sedimentation. On the other
hand, when estimating the potential of overwash, cells directly adjacent to water have the
maximum potential for erosion [8]. For example, an inland fresh marsh will be converted to
a transitional salt marsh when it falls under its lower elevation boundary. However, if it is
adjacent or near to water bodies and is within a tropical region, it will convert to mangrove.
Moreover, as the sea level rises, both inland-fresh marshes and tidal-fresh marshes can be
converted into transitional salt marshes or irregularly flooded marshes. Subsequently, with
further sea level increases, these marsh types will transit into regularly flooded marshes.
Finally, they become a tidal flat area. In short, the conversion of a cell does not only depend
on the type of the cell but is also related to its neighbors with respect to SLR.

The automation of SLAMM involves two main steps: model configuration and model
execution. This two-step process is necessary due to the requirement of creating a parameter
set that governs how the simulations are conducted. The parameter set is stored within
a text file and contains parameters that define the configuration of the simulation. By
automating SLAMM (in Python scripts here), researchers can efficiently explore various
SLR scenarios with minimal human interactions. This streamlined approach allows for
a more systematic analysis of the potential impacts of SLR on the study area, enabling
researchers to assess the effects of different SLR scenarios on marshes.

While running SLAMM by hand one or two times is not extremely time-consuming,
running it for many SLR scenarios manually can be prone to error due to, for example, its
complicated user interface (see Figure 5). First, the user must call the program, manually
input each data source, set the parameters for each scenario, and run through the model
output maps, which can be time consuming for each scenario. Therefore, automating the
entire model configuration process can considerably cut down the time. Model configura-
tion can be run either with scripts (see Figure 6) or by hand to generate a parameter file,
and that parameter file is used in model execution to run SLAMM many times without the
requirement of clicking through each scenario by hand.
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The second part of the scientific workflow, model execution, is the main component of
the entire framework of this study. This scientific workflow (see Figure 7) creates a batch
file containing scripts that are used to run SLAMM automatically. The scientific workflow
alters the desired parameter file to reflect various SLR scenarios. The SLAMM model is
then run with specified parameters. This allows SLAMM to be run in the background as
many times as needed. For example, if the scientific workflow is set to run SLAMM for 0 m
of SLR by 2100, and increase the sea level by 0.05 m up to 3 m, then a total of 61 scenarios
will be examined. The scientific workflow runs SLAMM, adds 0.05 m to the SLR within the
parameter set, and runs SLAMM again, repeating this process until the SLR reaches 3.0 m.
A user could easily adapt this scientific workflow for their study area. The model execution
component of the framework could be deployed in a parallel computing environment. For
example, rather than running all scenarios one by one, we could break the set of model
runs into subsets each handled by a computing node—parallel computing (to be discussed
in detail in Section 3.5). Overall, scientific workflows of model configuration and execution
are fundamental in the automation of SLR modeling.

3.4. Scientific Workflow for Landscape Pattern Analysis as Data Post-Processing

To reveal how the habitat of marshes spatially respond to SLR in the study area,
it is essential to analyze how spatial patterns of different marsh types change across
SLR scenarios. Therefore, we conducted landscape pattern analysis that uses landscape
metrics to quantify characteristics of spatial patterns at different levels, including patch,
class (type), and landscape. Landscape metrics allow us to evaluate spatial patterns in
terms of landscape composition and configuration [37], and have been applied (though
not extensively) into sea level studies. For example, Torio and Chmura [38] conducted
landscape pattern analysis in the SLR study in Maine, USA. A set of landscape metrics
were introduced to characterize landscape configuration and fragmentation. Wu et al. [39]
compared the thresholds of sea-level rise rate with respect to wetland area and landscape
metrics such as mean patch size and mesh size. Wu et al. stressed that while the use of
landscape metrics may lead to different thresholds, it allows for considering landscape
characteristics and ecosystem dynamics into SLR studies [39].
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Figure 7. Model execution with repeated sea level rise modeling.

In this study, we chose to use three types of landscape metrics: area-, shape-, and
aggregation-related so that we can evaluate spatial characteristics of land cover patterns
from different aspects. Since landscape metrics falling into the same type can be highly cor-
related, we selected several representative metrics as follows. Area-related metrics quantify
the amount of land cover at patch or class level. Shape metrics assess the compactness of a
land cover patch. Aggregation metrics reveal the degree of landscape fragmentation. We
selected the following landscapes metrics that describe the corresponding aspects of spatial
patterns at different levels (patch, class, and landscape).

• Class-level area:

Area = ∑ · Ai (1)

where Ai is the area of the ith patch of a land cover class (type). It is a simple statistic to
summarize the area for each class of interest. We use it to evaluate changes of areas in
different scenarios.

• Patch-level shape:

mean shape index (mSHAPE) = mean(Ei/min(Ei)) (2)

where Ei is the perimeter of the ith patch of a class; min(Ei) is the minimum perimeter for a
hypothetical patch with the same area as the ith patch. The mean shape index examines the
complexity of patches for a class. This index is characterized by a range of values starting
from 1, which indicates the round shape. It has no upper limit where the higher values are,
the more complex the shapes become.

• Class-level connectivity and aggregation:

mean Euclidean nearest neighbor(mENN) = mean(Dij) (3)

where Dij is the distance from patch j to the nearest neighbor belonging to the same class
i. mENN describes the level of isolation among the patches. The higher the value is, the
more isolated the pattern becomes.

• Class-level aggregation:
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landscape shape index (LSI) = E/min(E) (4)

where E is the total perimeter of a class; min(E) is the minimum perimeter for a hypothetical
patch with the same total area of the corresponding class. LSI shares a similar formula
with mSHAPE. However, when the total perimeter of a class is used, it depicts the degree
of landscape fragmentation for the patterns of patches within a class. As the LSI value
increases, it indicates a decrease in compactness, implying that the patches of the class
become less compact and more fragmented.

• Landscape-level diversity:

Shannon diversity index (SHDI)= −∑(pi × ln(pi)) (5)

where pi is the percentage of the ith class within the landscape. Shannon diversity index
measures the diversity of the landscape. A higher value of this index implies a higher
diversity within the landscape. In other words, the landscape becomes less likely to be
dominated by one class as the value increases.

3.5. Scientific Workflow for Parallel Computing

Conducting a scenario simulation of SLR with a fine interval, along with landscape
pattern analysis for each scenario, presents a significant computational challenge due to the
number of simulation scenarios and fine spatial resolution of GIS data. It is often beyond
the computing capability of a single computer to conduct an expected number of scenarios
along with the landscape pattern analysis within a reasonable amount of time. To address
the computational challenge posed by the analysis of all SLR scenarios, we use parallel
computing that breaks a large analysis task into a set of computationally manageable
subtasks. By deploying these subtasks over HPC clusters, we can execute scenario analysis
in parallel (see Figure 3). This parallelization enhanced the efficiency of the analysis, as
multiple scenarios could be processed simultaneously on various computing nodes on an
HPC cluster.

In this study, the SLR model and landscape pattern analysis were implemented in
different operating systems: Windows and Linux. Considering that the SLAMM software
(version 6.7 beta) for SLR modeling is only available within a Windows environment, we
used a Windows-based HPC solution for SLR modeling. As the SLAMM model runs for
various scenarios that are independent of each other, this makes the scenario analysis of
SLR become an embarrassingly parallel computing problem (no or little communication
exists among computing nodes; see [40]). We implemented the parallel SLR modeling
using Windows batch scripts. Further, landscape pattern analysis is capable of being
deployed on Linux-based HPC environments often with a large number of computing
nodes available. Parallel landscape pattern analysis is then conducted using Linux Shell
scripts: landscape pattern analysis for each SLR simulated land cover data is wrapped as
an independent computing task that is ported to a single CPU on a Linux HPC cluster.
Specifically, the SLR model with the model input and scenario configuration for a scenario
is fed to each computing node on a Windows-based computing cluster—i.e., the running
of all scenarios is parallelized. Then, the output of each scenario simulation (simulated
land cover pattern) serves as the input for the subsequent landscape pattern analysis that is
conducted on a Linux-based computer cluster. The final output of the scientific workflow
for high-performance computing delivers both simulated land cover at a given scenario of
SLR and the landscape pattern metrics for corresponding land cover classes of interest.

3.6. Implementation

To execute the entire scientific workflow for this study, a suite of software platforms
was utilized. For data preprocessing, ArcGIS ModelBuilder and Notebooks were used
for spatial data processing inside ArcGIS Pro 2.7.2. For model configuration and model
execution, a web-based Jupyter Notebook file was used to run Windows batch scripts for
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automating SLAMM execution inside Google Chrome (version 91.0.4472.124). The SLAMM
version used was 6.7 Beta (build number 6.7.0242). Landscape pattern analysis was written
in C/C++ programming language.

4. Experiment of Scenario Analysis and Results

Predicting the exact amount seas may rise can be a difficult task, so scientists often
create multiple scenarios to show a range of possible outcomes (see [41,42]). Modeling
different scenarios of SLR can be essential to assisting policymakers for informed climate
policies or guidelines. For SLR, the changes in landscape and water boundaries are often
portrayed through two different types of SLR scenario analysis, either by using a constant
rate at specific time intervals or by designing different SLRs for a given year [43]. For this
study, the objective is to model multiple scenarios of SLR for the study area. Specifically,
in this study, we designed an experiment to study the land cover change, in particular,
potential marshland loss, for the study area by varying the value of SLR. Our SLR model
starts in year 2016 and ends in year 2100. The SLR by year 2100 varies from 0 to 3 m, at
a 0.05 m interval. Correspondingly, there are 61 treatments or scenarios of SLR in this
experiment. This experiment with 61 scenarios is computationally intensive. Thus, with
support from our spatially explicit framework driven by scientific workflows and parallel
computing, we were able to complete the modeling and analysis related to this experiment.
In this section, we first report computing performance of our parallel SLR modeling and
landscape pattern analysis. We then present the results of SLR scenarios in this experiment
and relevant discussion.

4.1. Computing Performance of Parallel Scenario Simulations and Landscape Pattern Analysis

The scientific workflow for SLR modeling was deployed on a Windows cluster with
4 computing nodes (8 CPUs per node; see Table 4). Each of the 61 treatments was assigned to
one node at a time. The computing time of the treatments ranged from 35.1 min to 36.3 min
with 35.6 min on average. The actual total computing time is 9.42 h and the expected
computing time on a single computer was 36.32 h. By leveraging a 4-nodes Windows
cluster, the speedup was achieved 3.86 times with respect to the 8-CPU counterpart. The
acceleration can be up to about 30.88 times if a single CPU instead of 8 CPUs is used for
each scenario.

Table 4. Configuration of the high-performance computing clusters.

Cluster Number of Nodes CPU Number of CPUs per Node Memory

Windows Cluster 4 8-Core Intel Core
i7-7700 @ 3.60 GHz 8 16 GB

Linux Cluster 76
Dual 24-Core Intel

Xeon Gold 6248R CPU
@ 3.00 GHz

48 384 GB

The scientific workflow for parallel landscape pattern analysis was deployed on a
Linux cluster with 76 nodes, where most have dual 24-Core CPU and 384 GB memory. Each
treatment (scenario) requested 1 CPU and 48 GB memory from one node. The sequential
computing time is 12.65 h. After using 61 CPUs (i.e., each CPU is in charge of a scenario run),
the parallel computing time is 17.18 min. As a result, the parallel landscape pattern analysis
is 44.19 times faster than using a single CPU with the same computing configuration.

4.2. Results of Area of Land Cover Patterns

We calculated the area-related statistics (i.e., total area, proportion to the study area,
differences from initial status in terms of area and percentage) of land cover types of interest
for each SLR scenario. Table 5 reports changes of marshes and tidal flats in response to the
rising sea level at various scenarios.
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Table 5. Summary of area of alternative land cover types for different sea level rise scenarios.

Inland fresh marsh

Sea level rise (m) Total area (sq. km) Percentage Difference (sq. km) Difference (percentage)

0.00 64.77 1.03% - -
0.50 47.45 0.75% −17.33 −26.75%
1.00 41.90 0.66% −22.87 −35.31%
1.50 39.85 0.63% −24.93 −38.48%
2.00 39.03 0.62% −25.75 −39.75%
2.50 38.30 0.61% −26.48 −40.87%
3.00 37.02 0.59% −27.76 −42.85%

Tidal fresh marsh

Sea level rise (m) Total area (sq. km) Percentage Difference (sq. km) Difference (percentage)

0.00 56.31 0.89% - -
0.50 29.44 0.47% −26.87 −47.71%
1.00 3.29 0.05% −53.02 −94.15%
1.50 0.52 0.01% −55.79 −99.08%
2.00 0.29 0.00% −56.02 −99.49%
2.50 0.18 0.00% −56.13 −99.68%
3.00 0.06 0.00% −56.24 −99.89%

Transitional marsh

Sea level rise (m) Total area (sq. km) Percentage Difference (sq. km) Difference (percentage)

0.00 10.92 0.17% - -
0.50 36.80 0.58% 25.89 237.17%
1.00 76.27 1.21% 65.36 598.73%
1.50 151.12 2.39% 140.20 1284.40%
2.00 258.82 4.10% 247.91 2271.08%
2.50 379.99 6.02% 369.07 3381.05%
3.00 502.07 7.95% 491.15 4499.42%

Irregularly flooded marsh

Sea level rise (m) Total area (sq. km) Percentage Difference (sq. km) Difference (percentage)

0.00 77.58 1.23% - -
0.50 73.16 1.16% −4.43 −5.70%
1.00 44.97 0.71% −32.61 −42.03%
1.50 42.44 0.67% −35.15 −45.30%
2.00 47.00 0.74% −30.58 −39.42%
2.50 49.50 0.78% −28.08 −36.19%
3.00 51.26 0.81% −26.33 −33.93%

Regularly flooded marsh

Sea level rise (m) Total area (sq. km) Percentage Difference (sq. km) Difference (percentage)

0.00 347.72 5.51% - -
0.50 96.75 1.53% −250.97 −72.18%
1.00 82.57 1.31% −265.15 −76.25%
1.50 98.79 1.56% −248.94 −71.59%
2.00 101.51 1.61% −246.21 −70.81%
2.50 102.15 1.62% −245.58 −70.62%
3.00 102.60 1.62% −245.13 −70.49%

Tidal flat

Sea level rise (m) Total area (sq. km) Percentage Difference (sq. km) Difference (percentage)

0.00 41.23 0.65% - -
0.50 315.49 5.00% 274.25 665.10%
1.00 423.87 6.71% 382.64 927.95%
1.50 437.00 6.92% 395.77 959.79%
2.00 440.38 6.97% 399.14 967.98%
2.50 441.40 6.99% 400.16 970.46%
3.00 441.84 7.00% 400.61 971.54%

From Table 5, a remarkable expansion of tidal flats is observed (971.51%; 400 sq. km
for 3 m of SLR), which aligns the expected response of tidal flats to SLR due to an increase
in sediment transport [44]. However, this significant growth of tidal flats at a 3-m raised sea
level corresponds to substantial losses in other marsh types: Inland fresh marsh experiences
a loss of 42.85% (27.76 sq. km). Tidal fresh marsh undergoes a loss of 99.89% (56.24 sq. km),
and regularly flooded marsh encounters a loss of 70.49% (245.13 sq. km). These losses
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highlight the negative effects of the rising sea level on these marsh habitats in our study
area. On the other hand, the rising sea level seems to create more favorable conditions for
transitional marsh with an area expansion of approximately 491 sq. km. This increase is
around 45 times larger than its initial size, indicating that transitional marshes in our study
area benefit from the rising sea levels. Overall, the changes observed in Table 5 demonstrate
the dynamic responses of different marsh types to SLR in the study area, where some
marshes experience substantial expansion while others suffer significant losses.

Figure 8 shows changes in the area for different types of marshes and tidal flats. We can
observe that there is a decreasing trend for most types of marshes, except for transitional
marsh. Conversely, the tidal flat experiences a significant increase as the SLR, particularly
until reaching approximately 1 m above the original sea level. This dramatic change can be
attributed to the reduction of the regularly flooded marshes. Figure 9 depicts the spatial
patterns of these marshes and tidal flats. These maps provide evidence supporting the
observation from Figure 8, as it shows that a substantial portion of the regularly flooded
marshes (i.e., salt marsh) adjacent to the water transform into tidal flats in the scenario with
1 m SLR. This exhibits a tipping point that marshland adaptation speed is outpaced by the
rate of increase in SLR [45]. The lack of adaptability of marshland comes from the coastal
squeeze phenomenon, in which marshes cannot migrate inland due to significant amounts
of man-made infrastructure that blocks migration paths. At the tipping point, the rate of
SLR is too fast for marshes to adequately adapt to the changes.
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4.3. Results of Spatial Characteristics of Land Cover Patterns

In this section, we report and discuss results of changes in land cover patterns in
terms of spatial characteristics, including shape complexity, landscape fragmentation, and
landscape diversity. We focus on two main land cover types: marshes and tidal flats.

4.3.1. Patch Shape Complexity

Figure 10 shows changes in mean patch-level shape index in response to SLR. The
averaged patch-level shape indices (mean shape index) do not show high fluctuations.
A gradual decreasing trend of shape index is observed for both tidal flat and salt marsh,
indicating that the shapes of these land cover patches become less complex. Other types of
marshes become more complex when the sea level rises higher than 1.5 m. Considering
the area changes, we find that the patches of emerging land cover types (i.e., transitional
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marsh and tidal flat) tend to be larger and less complex. On the other hand, other types of
marshes appear to be eroded by tides with smaller areas and more complex shapes when
the SLR is over 1 m.
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4.3.2. Landscape Fragmentation

Aggregation metrics are used to quantify the level of landscape fragmentation.
Figure 11 shows the results of two aggregation metrics: landscape shape index and Eu-
clidean nearest neighbor distance. It is revealed that the fluctuations in landscape shape
index between various land cover types are most reflected within 0–1.5 m of SLR. A short
period of decreasing aggregation can be observed for most marshes (regularly flooded
marshes, irregularly flooded marshes, and tidal fresh marshes), followed by a general in-
crease as the sea level rises. This suggests that most marshes tend to be broken initially due
to the conversion towards tidal flats. They become more compact at 1.5 m of SLR, but the
area gradually decreases (see Figure 8), indicating that most marshes are converting to tidal
flats while they cannot find adequate habitats for migration. However, transitional marsh
shows a different response to the SLR. It keeps growing and the overall pattern becomes
less compact, suggesting various locations are becoming more favorable for this type of
marsh. The mean Euclidean distance can also support this finding that the transitional
marsh patches become far away from each other.
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As for regularly flooded marsh (i.e., salt marsh), we generally observed a decreasing
trend in aggregation during the early stages of SLR, followed by a subsequent increase. This
indicates that marshes initially become less compact but gradually aggregate as sea levels
rise. The observed monotonic decrease in salt marsh area (see Figure 8) and the pattern of
the shape index (increase and then decrease) during the early stages (before approximately
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1 m of SLR) suggest that the early disappearance of salt marshes leads to a more scattered
spatial pattern. Further SLR results in the submergence of the entire marsh area, leading to
an overall increase in compactness. This changing pattern can be observed in Figure 12. At
around 0.3 m of SLR, regularly flooded marshes exhibit the least compactness, which then
increases again once they are flooded.
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Figure 13 demonstrates the conversion of inland fresh marshes and tidal fresh marshes.
Similar to the pattern observed for regularly flooded marshes and tidal flats, the conversion
for the two types of fresh marshes also occurs in two steps. First, the conversion (e.g., to
regularly flooded marshes and tidal flats) causes fresh marshes to become more scattered
and less compact, as reflected in the shape index. Subsequently, they become more compact
due to the disappearance of those fragmented fresh marshes (see Figure 13).
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Figure 13. 
 

1)      Page 2, paragraph 3, line 5: 

Original sentence: “… suggesting approximately 25% of loss in freshwater marshes in the region 
could be lost by the end of this century.” 

Improved sentence: … suggesting approximately 25% of loss in freshwater marshes in the region 
could be lost by the end of this century. 

Revision: delete "of loss in".  

 2)      Page 11, last paragraph, line 8: 

Original sentence: “… conducted landscape pattern analysis in the SLR study in Main, USA.” 

Improved sentence: … conducted landscape pattern analysis in the SLR study in Maine, USA. 

 Revision: the study area is Maine instead of Main. This is a typo. 

3)      Page 16, last paragraph: 

Original sentence: “A gradual decreasing trend of shape index is observed for both tidal flat and 
transitional marsh …” 

Figure 13. Maps of marshland conversion to other types of land cover with a focus on inland fresh
marsh and tidal fresh marsh. (A) Initial status (red rectangle shows the bounding box of inset maps
in other subfigures); (B–D) sea level rise at 0, 0.3, and 1 m.

4.3.3. Results of Landscape Diversity

Figure 14 plots the Shannon diversity index for different SLR scenarios. The Shannon
diversity index serves as a measure of the diversity of land cover types in relation to
their distribution within the study area. From Figure 14, we can observe a fluctuation of
the diversity index before a 1 m SLR, followed by a consistent increase beyond 1 m SLR.
The initial increases in the Shannon index within the range of 0 to 0.3 m of SLR can be
attributed to the expansion of tidal flats (see Figure 15). As the sea level rises, the tidal
process submerges the regularly flooded marsh, leading to an increase in tidal flat coverage.
The highest complexity in land cover types is reached when the proportions of tidal flats
and regularly flooded marsh are equal. However, as the sea level continues to rise, more
regularly flooded areas are submerged and transformed into tidal flats. This results in a
decrease in the Shannon index between 0.3 and 0.8 m of SLR, as the dominance of tidal flats
increases at the expense of regularly flooded marsh.

The subsequent increase in the Shannon index observed after 1-m SLR can be at-
tributed to the conversion of undeveloped dry land and nontidal swamp areas (highlighted
in orange and yellow in Figure 15) into transitional marsh. This conversion is evident in
Figure 9, where the expansion of transitional marsh can be observed. Overall, the fluctua-
tions and subsequent increases in the Shannon diversity index reflect the dynamic changes
in land cover types in response to SLR—i.e., state shift of coastal wetland ecosystems. The
expansion of tidal flats and the conversion of undeveloped dry land and nontidal swamp
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areas into transitional marsh play a significant role in shaping the diversity of land cover
types within the study area.
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Figure 15. A demonstration of conversion from undeveloped dry land and nontidal swamp to
transitional marsh in response to sea level rise.

5. Discussion

In this study, the Central South Carolina coast where the City of Charleston is located
was used as our study region to exemplify how scientific workflows can be of help on
SLR studies. Our experimental results indicate a significant loss of various marsh types
within the SLR range of 0 to 1 m. This suggests that these marshes are highly vulnerable
to even relatively small increases in sea level in the study area. Furthermore, the results
indicate that from 1 to 3 m of SLR, there is no noticeable increase in the area of most marsh
types. This suggests that these marshes are not able to find sufficient suitable habitats to
compensate for the losses experienced within this range. In contrast, transitional marshes
show a gradual increase in response to the rising sea levels. This indicates that transitional
marshes are more resilient to SLR compared to others in our study area.

By analyzing landscape pattern changes in terms of shape, landscape fragmentation,
and landscape diversity, we can gain a better understanding of the spatial dynamics of
marshes in response to SLR. The use of landscape metrics can be of great help in quantifying
spatial characteristics and their change with SLR. Further, thresholds of SLR with respect
to various metrics (nonspatial or spatial) can be different for the same study region. This is
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because spatial patterns of land cover types are modified as sea level rises, which leads to
nonlinear responses of alternative land cover types that interact with each other.

The threshold of SLR could potentially be different for various study areas, as coasts
throughout the world will experience SLR differently. The overall land cover pattern of a
study area affects how the land will change, which will in turn drive the development of the
land cover pattern—nonlinearity and feedback loops exist in coastal ecosystems driven by
SLR. Even for the same study region, the threshold of SLR may be different, depending on
study purposes (e.g., minimizing the loss of marshland or protecting of specific marshlands
for landscape conservation in need of consideration of spatial characteristics [37]). In other
words, the use of multiple landscape metrics (including area—patch area) is recommended
while analyzing landscape response to SLR.

6. Conclusions

SLR is a substantial threat to the sustainability and resilience of our coasts. The IPCC
predicts that seas could rise anywhere from 1 to 3 m by the end of the century. The rate
of SLR can potentially increase the negative consequences of climate change, creating an
opening for SLR modeling automation that can quickly and accurately predict the potential
land cover change of coastlines. Making SLR modeling automated can also encourage
discourse on how SLR will affect domains such as economics, politics, anthropology, and
more. The computationally intensive task of environmental modeling, represented by
SLR modeling in this study, can be automated and accelerated by incorporating scientific
workflows in this study. Our study suggests the following findings:

• Scientific workflows are the cyberinfrastructure technology beneficial to SLR modeling,
which are analysis programs that can be replicated by researchers. Scientific workflows
are prevalent throughout data science and are becoming increasingly popular in
interdisciplinary studies. In geospatial studies, scientific workflows are used in many
ways, including wetland and SLR analysis;

• Creating a scientific workflow to automate SLR models provides solid support for
analyzing, for example, how different rates of SLR affect shorelines and landscape
dynamics;

• The use of scientific workflows for SLR model automation lowers the difficulty of SLR
modeling which enables researchers to conduct SLR studies through the lens of their
respective domains;

• This study creates an easily repeatable scientific workflow that automates the pre-
processing of input data, data analysis, and the post-processing of data to produce
repeatable results for SLR modeling. With GIS inputs and automation support, a
researcher can easily and efficiently investigate potential SLR effects on land cover
types (e.g., marshland in this study) for a desired study area.

The entire workflow framework in this study integrates a set of individual scientific
workflows. For data preprocessing, the workflow processes geospatial data and generates
input data for SLAMM. For spatial modeling, the scientific workflow of model configuration
specifies the set of parameters and input data of the SLR model for different scenarios.
The model execution workflow allows for running SLAMM repeatedly for various SLR
scenarios. For data post-processing, the model extracts land cover data from the SLAMM
outputs and conducts landscape pattern analysis to quantify the spatial characteristics of
landscape patterns in response to SLR. The parallel computing module of the framework
provides support for accelerating geospatial data analytics and SLR modeling, which are
computationally demanding. Computing time for SLR-related data analytics and modeling
can be substantially reduced as illustrated in this study (from days down to hours and from
hours down to minutes as high-performance computing clusters are used). Only through
the combination of scientific workflows and parallel computing capabilities, SLR modeling
and associated geospatial data analytics can be conducted efficaciously.

This scientific workflow framework has substantial managerial implications for coastal
sustainability and resilience. The framework and its software package could serve as a
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useful spatial decision support tool for coastal management and conservation that considers
the impact of SLR. With support from this framework, systematic scenario analysis can
be conducted to provide a quantitative assessment of land cover types in coastal regions
over time. The spatial results of SLR from the framework can be used to guide climate-
related policies or decisions related to, for example, urban or transportation planning,
landscape conservation, and stormwater and wastewater management for coastal regions.
Stakeholders or professionals can use this framework to evaluate quantitatively the po-
tential ecological or environmental impact of SLR on coastal ecosystems, which will be
of great help for the recommendation of coastal management practices and strategies for
implementing sustainable and resilient coastal ecosystems. This is a particularly important
topic of concern as climate change has been receiving considerable attention from coastal
communities, the government, and the public.

While our study provides solid support for automating repetitive scenario analysis for
SLR studies, limitations exist for our scientific workflow framework. The first limitation is
that our framework is based on the loose coupling of multiple geospatial data analytics
and model capabilities. Users need computing and GIS background to better utilize
the scientific workflow framework for the automation of SLR modeling. The second
limitation is that SLR modeling (SLAMM here) and associated geospatial data analytics
(including landscape pattern analysis) were deployed on HPC clusters over different
operating systems (Windows and Linux). This may introduce a certain level of difficulty
for data handling if users are not familiar with cross-platform computing.

Thus, several directions exist for the future work of our study. First, we plan to deploy
our scientific workflows to a web-based platform. Turning this workflow into an easily
executed online application could allow professionals or the public outside of research
areas to quickly model SLR for an area of interest. For example, someone working in a local
municipality could quickly identify what areas of their town might be severely affected
by various rates of SLR via a web-based solution. Even those working in environmental
disaster relief could benefit from a web application based on the SLAMM model to plan
how to mitigate SLR effects for high-risk areas. The second direction of future work is to
convert the SLAMM model, which is open-source now, to a Linux-based operating system
environment. This will allow us or users to leverage more HPC power from Linux-based
computing clusters, which are more common than Windows-based counterparts. The third
option that could take this research a step further is to apply our approach to larger study
regions and work with larger amounts of data, which would be beneficial for understanding
overall SLR patterns for an area such as the east coast of the U.S. or another large coastline.
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