Louisiana State University

LSU Scholarly Repository

Faculty Publications School of Renewable Natural Resources

1-1-2023

Mapping high marsh and salt pannes/flats along the northern Gulf
of Mexico coast

Nicholas M. Enwright
United States Geological Survey

Wyatt C. Cheney
United States Geological Survey

Kristine O. Evans
Mississippi State University

Hana R. Thurman
United States Geological Survey

Mark S. Woodrey
Coastal Research and Extension Center

See next page for additional authors

Follow this and additional works at: https://repository.lsu.edu/agrnr_pubs

Recommended Citation

Enwright, N., Cheney, W., Evans, K., Thurman, H., Woodrey, M., Fournier, A., Moon, J., Levy, H., Cox, J.,
Kappes, P, Nyman, J., & Pitchford, J. (2023). Mapping high marsh and salt pannes/flats along the
northern Gulf of Mexico coast. Geocarto International, 38 (1) https://doi.org/10.1080/
10106049.2023.2285354

This Article is brought to you for free and open access by the School of Renewable Natural Resources at LSU
Scholarly Repository. It has been accepted for inclusion in Faculty Publications by an authorized administrator of
LSU Scholarly Repository. For more information, please contact ir@Isu.edu.


https://repository.lsu.edu/
https://repository.lsu.edu/agrnr_pubs
https://repository.lsu.edu/agrnr
https://repository.lsu.edu/agrnr_pubs?utm_source=repository.lsu.edu%2Fagrnr_pubs%2F596&utm_medium=PDF&utm_campaign=PDFCoverPages
https://doi.org/10.1080/10106049.2023.2285354
https://doi.org/10.1080/10106049.2023.2285354
mailto:ir@lsu.edu

Authors

Nicholas M. Enwright, Wyatt C. Cheney, Kristine O. Evans, Hana R. Thurman, Mark S. Woodrey, Auriel M.V.

Fournier, Jena A. Moon, Heather E. Levy, James A. Cox, Peter J. Kappes, John A. Nyman, and Jonathan L.
Pitchford

This article is available at LSU Scholarly Repository: https://repository.Isu.edu/agrnr_pubs/596


https://repository.lsu.edu/agrnr_pubs/596

e Taylor & Francis
GEOCARTO Taylor &Francis Group
INTERNATIONAL

Geocarto International

ISSN: (Print) (Online) Journal homepage: www.tandfonline.com/journals/tgei20

Mapping high marsh and salt pannes/flats along
the northern Gulf of Mexico coast

Nicholas M. Enwright, Wyatt C. Cheney, Kristine O. Evans, Hana R. Thurman,
Mark S. Woodrey, Auriel M. V. Fournier, Jena A. Moon, Heather E. Levy, James
A. Cox, Peter ). Kappes, John A. Nyman & Jonathan L. Pitchford

To cite this article: Nicholas M. Enwright, Wyatt C. Cheney, Kristine O. Evans, Hana R. Thurman,
Mark S. Woodrey, Auriel M. V. Fournier, Jena A. Moon, Heather E. Levy, James A. Cox, Peter ).
Kappes, John A. Nyman & Jonathan L. Pitchford (2023) Mapping high marsh and salt pannes/
flats along the northern Gulf of Mexico coast, Geocarto International, 38:1, 2285354, DOI:
10.1080/10106049.2023.2285354

To link to this article: https://doi.org/10.1080/10106049.2023.2285354

A
8 This work was authored as part of the h View supp|ementary material =
Contributor’s official duties as an Employee

of the United States Government and

is therefore a work of the United States
Government. In accordance with 17 U.S.C.
105, no copyright protection is available for
such works under U.S. Law.

@ Published online: 28 Nov 2023. Submit your article to this journal &
3 . A
lIII Article views: 1085 h View related articles =
@ View Crossmark data (& @ Citing articles: 1 View citing articles (&

CrossMark

Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journallnformation?journalCode=tgei20


https://www.tandfonline.com/journals/tgei20?src=pdf
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/10106049.2023.2285354
https://doi.org/10.1080/10106049.2023.2285354
https://www.tandfonline.com/doi/suppl/10.1080/10106049.2023.2285354
https://www.tandfonline.com/doi/suppl/10.1080/10106049.2023.2285354
https://www.tandfonline.com/action/authorSubmission?journalCode=tgei20&show=instructions&src=pdf
https://www.tandfonline.com/action/authorSubmission?journalCode=tgei20&show=instructions&src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10106049.2023.2285354?src=pdf
https://www.tandfonline.com/doi/mlt/10.1080/10106049.2023.2285354?src=pdf
http://crossmark.crossref.org/dialog/?doi=10.1080/10106049.2023.2285354&domain=pdf&date_stamp=28%20Nov%202023
http://crossmark.crossref.org/dialog/?doi=10.1080/10106049.2023.2285354&domain=pdf&date_stamp=28%20Nov%202023
https://www.tandfonline.com/doi/citedby/10.1080/10106049.2023.2285354?src=pdf
https://www.tandfonline.com/doi/citedby/10.1080/10106049.2023.2285354?src=pdf
https://www.tandfonline.com/action/journalInformation?journalCode=tgei20

GEOCARTO INTERNATIONAL Tavior & F .
2023, VOL. 38, NO. 1, 2285354 e aylor & Francis
https://doi.org/10.1080/10106049.2023.2285354 Taylor & Francis Group

8 OPEN ACCESS ‘ N Checkforupdates‘

Mapping high marsh and salt pannes/flats along the
northern Gulf of Mexico coast

Nicholas M. Enwright® (), Wyatt C. Cheney® (@, Kristine O. Evans® (),
Hana R. Thurman® ), Mark S. Woodrey® (®, Auriel M. V. Fournier’ (),
Jena A. Moon? (), Heather E. Levyh, James A. Cox", Peter J. Kappes®' @,
John A. Nyman' ® and Jonathan L. Pitchford

2U.S. Geological Survey, Wetland and Aquatic Research Center, Lafayette, LA, USA; bCheney
Consulting, Contractor to the U.S. Geological Survey, Wetland and Aquatic Research Center,
Lafayette, LA, USA; “Quantitative Ecology and Spatial Technologies (QUEST) Lab, Department of
Wildlife, Fisheries and Aquaculture, MS State University, Starkville, MS, USA; dCherokee Nation
System Solutions, Contractor to the U.S. Geological Survey, Wetland and Aquatic Research Center,
Lafayette, LA, USA; Department of Wildlife, Fisheries and Aquaculture & Coastal Research and
Extension Center, Mississippi State University, Biloxi, MS, USA; fForbes Biological Station-Bellrose
Waterfowl Research Center, IL Natural History Survey, Prairie Research Institute, University of Illinois
at Urbana-Champaign, Havana, FL, USA; U.S. Fish and Wildlife Service, Winnie, TX, USA; hTall
Timbers Research Station and Land Conservancy, Tallahassee, FL, USA; 'School of Renewable Natural
Resources, LA State University Agricultural Center, Louisiana State University, Baton Rouge, LA, USA;
JGrand Bay National Estuarine Research Reserve, Moss Point, MS, USA

ABSTRACT ARTICLE HISTORY
Coastal wetlands are predicted to undergo extensive transform- Received 14 August 2023
ation due to climate and land use change. Baseline maps of Accepted 15 November 2023
coastal wetlands can be used to help assess changes. Found in
the upper portion of the estuarine zone, high marsh and salt pan-
nes/flats provide ecosystem goods and services and are particu-
larly important to fish and wildlife. We developed the first map of
high marsh and salt pannes/flats along the northern Gulf of
Mexico using regional models that included spectral indices
related to greenness and wetness from optical satellite imagery,
elevation data, irregularly flooded wetland probability information,
and synthetic aperture radar backscatter. We found the greatest
relative coverage of high marsh along the Texas coast (30% to
65%) and the Florida Panhandle (40%), whereas the greatest rela-
tive coverage of salt pannes/flats was along the lower Texas coast
(74%) and the middle Texas coast (15%). As part of this effort, we
also developed a map that highlighted irregularly flooded wet-
lands dominated by Juncus roemerianus (black needlerush) for
part of the study area. Both maps had an overall accuracy of
around 80%. Our results advance the understanding of estuarine
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marsh zonation and provide a baseline for assessing future trans-
formations.

HIGHLIGHTS

e This is the first map of high marsh and salt pannes/flats along
the northern Gulf of Mexico and provides a baseline for under-
standing transformations predicted to occur with climate
change.

e Due to high elevation uncertainty in wetlands, we used a map
of irregularly flooded wetland probability that was created
using elevation error assumptions.

e Irregularly flooded wetland probability, synthetic aperture radar
backscatter, and spectral indices related to greenness and wet-
ness were important predictor variables.

e Differences in wetland zonation and species composition along
the study area led to variation in models by region.

e The framework presented here could be adapted to other
areas.

1. Introduction

Coastal wetlands provide numerous ecosystem goods and services (Barbier 2011), includ-
ing supporting important fish and wildlife habitat (Sievers et al. 2019; Haverland et al.
2021), improving water quality (Mitsch and Wang 2000), storing carbon (Morris et al.
2012), protecting coastlines and coastal communities from flooding (Moller et al. 2014),
and providing recreational opportunities (Bergstrom et al. 1990). The distribution and
characteristics of coastal wetlands are regulated by broad ecological drivers, such as cli-
mate and climate change (Gabler et al. 2017; Reed et al. 2022), and local stressors that
include tidal range (Kirwan and Guntenspergen 2010), relative sea-level rise (Sweet et al.
2022), precipitation (Osland et al. 2014; Stagg et al. 2020; Wang et al. 2022), sediment
availability (Morris et al. 2002), winter temperatures (Osland et al. 2021), extreme storm
frequency (Cahoon 2006; Thorne et al. 2022), and land use practices (Mitsch and
Gosselink 2007; Novoa et al. 2020). The dynamic nature of coastal wetland systems
coupled with their importance underscores the need to map their current distribution and
structure so that resource managers and researchers can document the localized threats
posed by climate change.

While better information on the extent of coastal wetlands is needed, maps that delin-
eate coastal wetland vegetation zonation based on broad classes of flooding and salinity
tolerance, such as fresh, intermediate, brackish, and saline (Enwright et al. 2015), are gen-
erally lacking. Such maps can provide additional information to enhance management of
these systems including improved monitoring of change within coastal wetlands for floral
coverage and species distribution and improving linkages between faunal habitat availabil-
ity and species distribution (Ennen et al. 2019; Krainyk et al. 2019; Tolliver et al. 2019).
Of particular interest along the Gulf of Mexico are high marsh and salt pannes/flats,
which occupy a subset of coastal wetlands. High marsh and salt pannes/flats are found in
the upper portion of the estuarine zone and are irregularly flooded (i.e. less than daily) by
shallow polyhaline waters (i.e. salinity between 18 and 30 parts per thousand) associated
with lunar tides, perigean spring tides, wind-induced water level fluctuations, and storms
(USNVC 2022). Along the Gulf of Mexico coast of the United States, high marsh systems
are typically dominated by Spartina patens (saltmeadow cordgrass), Spartina spartinae
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(Gulf cordgrass), and Spartina bakeri (marsh grass) (USNVC 2022). In this region, salt
pannes are small depressions within salt marshes where hypersaline conditions develop
through the evaporation of polyhaline waters and often have succulent marsh species
(Salicornia spp. and Batis spp.) and algal mats (USNVC 2022). Salt flats have similar vege-
tation characteristics to salt pannes, but they are often located within hypersaline estuaries
(e.g. Laguna Madre, Texas; USNVC 2022).

High marsh and salt pannes/flats provide important breeding habitat for bird species
of conservation concern like Wilson’s Plover (Charadrius wilsonia), Seaside Sparrow
(Ammodramus maritimus), and the federally threatened Eastern Black Rail (Laterallus
jamaicensis jamaicensis; Haverland 2019, Haverland et al. 2021; Stevens et al. 2022). These
systems also provide habitat for species like Yellow Rail (Coturnicops noveboracensis;
Morris et al. 2017; Butler et al. 2022) and Mottled Duck (Anas fulvigula; Krainyk et al.
2019; Moon et al. 2021), which are targets for conservation and management along coastal
areas, and numerous fish and crustaceans (Boesch and Turner 1984; MacKenzie and
Dionne 2008). Land managers need baseline information on the distribution and extent
of high marsh and salt pannes/flats given the projected increases in inundation predicted
to occur over the next several decades with accelerated sea-level rise (Sweet et al. 2022).
Increases in the frequency of inundation are predicted to have a high magnitude along
the northern Gulf of Mexico where elevated inundation may occur within the next decade
(Thompson et al. 2021). Increased inundation associated with sea-level rise may eliminate
high marsh in many areas where it currently occurs and will require a potentially rapid
upslope migration of these irregularly flooded wetlands for them to survive in the future
(Osland et al. 2022).

Although multiple national mapping efforts exist for coastal wetlands, none of these
delineate high marsh and salt panne/flats subsystems. For example, these subsystems are
not explicitly delineated in national mapping efforts, such as the United States Fish and
Wildlife Service’s National Wetlands Inventory (NWIL U.S. Fish and Wildlife Service
2022) or the National Oceanic and Atmospheric Administration’s (NOAA) Coastal
Change Analysis Program (C-CAP; NOAA 2016). Instead, maps of high marsh and salt
pannes/flats have been developed as stand-alone efforts at the regional or local level.
Correll et al. (2018) developed a map of wetland types that included high marsh and salt
pannes from Maine to the eastern shore Chesapeake Bay in Maryland. The map was
developed using a random forest classifier that used 3-m elevation data, elevation data
relative to various tidal datums, raw digital numbers from 1-m color-infrared aerial
imagery, a wetness index, a greenness index, and information from a principal component
analysis of the 4-band imagery. Allen (2017) mapped high marsh, salt pannes, and other
marsh types for Georgia and North Carolina in 2014 using Landsat 8 imagery. Their
approach also used elevation data, synthetic aperture radar (SAR), and the normalised dif-
ference index composite approach introduced by Rogers and Kearney (2004). The maps
were created using an object-based image analysis using mean shift segmentation. Allen
(2019) expanded on this approach by incorporating the normalised difference index com-
posite along with relative tidal elevation information to map high marsh, salt pannes, and
other marsh types from Mobile Bay in Alabama to Florida using object-based image ana-
lysis and a support vector machine classifier. High marsh and salt pannes/flats have also
been mapped at the state and local levels. For example, these subsystems were mapped
for Texas Ecological Mapping Systems (Elliott et al. 2014) and for the Grand Bay
National Estuarine Research Reserve (Pitchford 2019). Despite these helpful products,
there is currently no single map depicting high marsh and salt pannes/flats across the
northern Gulf of Mexico coast.
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Our objective was to develop a regional map of high marsh and salt pannes/flats for
the United States portion of the northern Gulf of Mexico coast. We built upon work of
Correll et al. (2018) and Allen (2019) by using SAR imagery, spectral indices from multi-
spectral optical satellite imagery, and elevation information to map high marsh and salt
pannes/flats. Given the error in elevation datasets in coastal wetlands coupled with spa-
tially dynamic tidal water levels, we utilized an elevation-based map depicting irregularly
flooded wetland probability based upon uncertainty information and Monte Carlo simula-
tions (Enwright et al. 2023b). Specifically, this layer provides a mask for where we may
expect to find high marsh and salt pannes/flats based on elevation while also accounting
for common elevation error issues in wetlands.

2. Methods
2.1. Study area

The study area spanned five states along the northern Gulf of Mexico (Figure 1) and included
coastal wetlands that were located within a generalized 5-m elevation contour (relative to the
North American Vertical Datum of 1988 [NAVDS88]) that was created from 1/3 arcsecond
DEMs (10m) from the USGS 3D Elevation Program (3DEP) (USGS 2020).

The southeastern region of the United States has a gently sloping coastal plain that
includes a large portion of the coastal wetlands located in the conterminous United States
(Greenberg et al. 2006). The northern Gulf of Mexico is a microtidal system with a tidal
amplitude from 0.5-1m (NOAA 2019a) and a high proportion of brackish wetlands
(Greenberg et al. 2006). Differences in geomorphology, climate, and management of
coastal lands across the northern Gulf of Mexico leads to important variations in coastal
wetland zonation and species composition (Gabler et al. 2017). Enwright et al. (2023b)
provides more insights concerning the features that change regionally within the study
area. To account for the documented regional variation, we developed maps for 11
geographic regions along the northern Gulf of Mexico (Figure 1) that were based on
watershed boundaries (Dale et al. 2022). Regions included: (1) Laguna Madre; (2) Texas
Mid-Coast; (3) Chenier Plain; (4) Mid-Deltaic Plain; (5) Deltaic Plain; (6) Mississippi
Sound; (7) Florida Panhandle; (8) Florida Big Bend; (9) West Peninsula Florida; (10)
Everglades; and (11) Florida Keys (Figure 1).

2.2. Coastal wetland mask

Because watersheds within the study area included non-wetland cover types, we used the
coastal wetland mask, described in Enwright et al. (2023b). Briefly, the coastal wetland
mask was developed using a combination of NOAA’s 2016 Coastal Change Analysis
Program (C-CAP) 30-m dataset (NOAA 2016) and 10-m BETA C-CAP land cover dataset
(NOAA 2019b). The mask was based on four land cover classes: (1) estuarine emergent
marsh; (2) estuarine scrub/shrub wetlands; (3) estuarine forested wetlands; and (4) uncon-
solidated shore (i.e. ‘non-vegetated areas subject to inundation and redistribution due to
the action of water’; NOAA 2019b). In addition to estuarine wetlands, we also included
adjacent palustrine emergent marsh and palustrine scrub/shrub wetlands in this study to
account for possible classification errors and ensure a comprehensive mapping extent (i.e.
reduce omission error) for subsequent high marsh classification. Unless noted otherwise,
spatial data analyses were conducted using Esri ArcGIS Pro 2.9 (Redlands, California,
USA). Table 1 highlights all data used in this study.
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Figure 1. Study area along the northern Gulf of Mexico representing high marsh mapping regions (a-d) and associ-
ated watersheds. Pane e shows the full study area and the location of each region. * regions where high marsh and
salt panne/flat classification models were developed. A regions where study-specific field data were collected.
Watershed inset map and number (e.g. a1, a2, etc.). This figure is modified from Enwright et al. (2023b).

2.3. Mapping high marsh and salt pannes

Figure 2 depicts the process used to develop the high marsh and salt pannes/flats map.
The sections below cover the general methods used for this study while additional details
are described in the supplemental material.


https://doi.org/10.1080/10106049.2023.2285354

6 N. M. ENWRIGHT ET AL.

Table 1. Data sources used for mapping high marsh and salt pannes/flats along the northern Gulf of Mexico, USA.

Data type Source Spatial resolution (m) Use
Land cover 2015 habitat map for Grand Bay NA (vector) Ancillary ground reference
data National Estuarine Research data points for high

Reserve (Pitchford 2019)

National Oceanographic and
Atmospheric Administration’s
(NOAA) 2016 Coastal Change
Analysis Program (C-CAP) land
cover (NOAA 2016)

NOAA 10-m BETA C-CAP land cover
dataset (NOAA 2019b)

Florida Statewide Land Use Land
Cover (FDEP 2017)

30

NA (vector)

marsh and salt pannes/
flats

Coastal wetland mask
development;

Photointerpretation for
ancillary ground
reference data
collection for ground
reference points for
water, barren, and salt
pannes/flats for training
and testing data

Map refinement in South
Florida (see
supplemental material)

Elevation-based Elevation relative to mean higher 10 Predictor variable
data high water from best available
digital elevation models
(Enwright et al. 2023a,b)
Irregularly flooded wetland 10
probability from best available
digital elevation models
(Enwright et al. 2023a,b)
Optical satellite Sentinel-2 multispectral surface 10-20 Predictor variable
imagery reflectance imagery (Copernicus
Sentinel data 2019-2020 2021)
Radar satellite Sentinel-1 C-band synthetic 10 Predictor variable
imagery aperture radar data (Copernicus
Sentinel data 2020 2021)
Vegetation Various sources (see Table 2) NA (various In situ ground reference
data plot-level) for training and testing

data

Similar to Correll et al. (2018), our goal was to produce a map of high marsh and
other subsystems defined by the Saltmarsh Habitat and Avian Research Program (SHARP;
https://tidalmarshbirds.org/), which include: (1) high marsh; (2) low marsh; (3) salt pools/
pannes; (4) terrestrial border; (5) Phragmites; (6) mudflat; (7) open water; and (8) upland.
We added an additional class called barren that featured sandy areas that did not fall into
the SHARP classification. However, upon visual inspection of initial model results, we
decided to focus on mapping high marsh and salt pannes/flats instead of the broader
SHARP classes. Our rationale for this decision was largely due to ambiguity in the defin-
ition and usage of the terrestrial border class, which was defined as an ‘area infrequently
flooded by storm and spring tides and can include areas of marsh with fresh/brackish
water due to a high water table and/or runoff from impervious surfaces’ by Correll et al.
(2018). As defined, these wetlands appear to be those located along the marsh/upland
transition; however, for our initial maps the terrestrial border class included expansive
areas in riparian corridors in our initial results for the Gulf of Mexico.

Vegetative characteristics for high marsh have been described for small portions of the
Gulf of Mexico but plant species composition differs (Wieland 2007; Rasser et al. 2013)
across the northern Gulf of Mexico. Although species composition differs, all descriptions
focus on coastal marshes where infrequent tidal flooding combined with persistent evap-
oration cause salts to accumulate, which in turn reduces species richness and cover. To
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Figure 2. Overview of the approach used for mapping high marsh and salt pannes/flats along the northern Gulf of
Mexico coast, USA.

JURO

ol

Figure 3. Examples of high marsh and salt pannes/flats along the northern Gulf of Mexico coast, USA. (a) High marsh
dominated by Spartina patens (saltmeadow cordgrass) located at Cypremort State Park in South Louisiana (Photo credit:
Nicholas Enwright). (b) high marsh with Distichlis spicata (saltgrass) with areas dominated by Juncus roemerianus (black
needlerush; labeled as JURO) and salt panne habitat in the Florida Big Bend region (Photo credit: Heather levy).

account for differences in species composition, we used two groups from the United
States National Vegetation Classification System (USNVC) to define high marsh and salt
pannes/flats, which both fell within the irregularly flooded zone (USNVC 2022). We used
G121 Spartina patens—Iva frutescens High Salt Marsh Group as the definition for high
marsh and USNVC G123 Salicornia spp.—Sarcocornia spp.—Spartina spartinae Tidal Flat
& Panne Group for the definition of salt pannes/flats. Examples of high marsh and salt
pannes/flats wetland areas along the Gulf of Mexico are shown in Figure 3.

2.3.1. Reference data

We collected in situ reference data from project collaborators (Enwright et al. 2023a),
ancillary vegetation data, and supplemental land cover datasets to provide 6,640 training
and 1,641 testing points across SHARP classes per mapping region (Table 2). For project
reference data, we documented the dominant SHARP class within a 5-m radius around a
reference survey point and documented the percent coverage of plant species. We
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Table 2. Reference data for mapping high marsh and salt pannes/flats along the Northern Gulf of Mexico, USA.

Region Source(s) Training Testing Total

Texas Mid-Coast Enwright et al. 2015; NOAA 2016; Tolliver et al. 757 216 973
2019; Moon et al. 2022; photointerpretation

Chenier Plain Enwright et al. 2015; NOAA 2016; Tolliver et al. 1,904 449 2,353

2019; CPRA 2021; Moon et al. 2022; Schneider
et al. 2022; photointerpretation

Mid-Deltaic Plain Enwright et al. 2015; NOAA 2016; CPRA 2021; 1,043 248 1,291
Schneider et al. 2022

Deltaic Plain Enwright et al. 2015; NOAA 2016; CPRA 2021; 1,765 313 2,078
Schneider et al. 2022

Mississippi Sound NOAA 2016; Enwright et al. 2017; Pitchford 2019; 890 292 1,182

Berkowitz et al. 2020; CPRA 2021; Enwright et al.
2021; Enwright et al. 2023a; photointerpretation
Florida Panhandle Enwright et al. 2023a; photointerpretation 0 49 49
Florida Big Bend NOAA 2016; Enwright et al. 2023a; 281 74 355
photointerpretation

See Figure 1 for regional boundaries.

converted ancillary vegetation cover data to SHARP classes using the percent cover of
species as documented in the associated supplemental material and Figure S1. For regions
with training and testing data, we also used NOAA Coastal Change Assessment Program
land cover maps from 2016 to develop 100 random points for unconsolidated shore (i.e.
labelled as ‘barren’) and open water as these classes were not available in vegetation refer-
ence points. Finally, photointerpretation was used to create points in salt pannes/flats.
Table 2 highlights the number of training and testing data points per region used in this
study.

2.3.2. Predictor variables

Predictor variables included elevation, irregularly flooded wetland probability (Enwright
et al. 2023b), and satellite-based predictor variables that were extracted from Google Earth
Engine. For elevation data, we used the best available digital elevation models (DEMs),
which mostly included 1-m DEMs from the USGS 3D Elevation Program developed from
light detection and ranging (lidar) data (USGS 2020). We resampled the DEMs from their
native resolution to a 10-m minimum bin DEM using the aggregate tool in Esri ArcGIS
Pro (i.e. using the minimum value when resampling). The irregularly flooded wetland
probability layer had a spatial resolution of 10 m. Enwright et al. (2023a, 2023b) provide
details on elevation data used for the probability analysis and DEMs used in this study.
We identified the mean and standard deviation for VV backscatter (single co-polarization,
vertical transmit/vertical receive) and the mean and standard deviation for HH backscatter
(single co-polarization, horizontal transmit/horizontal receive) from 10-m Sentinel-1 SAR
imagery collected in 2020 (Copernicus Sentinel data 2020 2021). We identified the median
and 95™ percentile for greenness indices and wetness indices from cloud-masked surface
reflectance data from Sentinel-2 (Copernicus Sentinel data 2019-2020 2021) from the start
of 2019 to the end of 2020 (Table 3). The spatial resolution of Sentinel-2 data is 10m for
visible bands and near infrared and 20 m for the red edge and short infrared bands used
here. We resampled spectral indices that used the red edge and short infrared bands to
10m. Cloudy pixels were identified as those with a probability of >65% using Sentinel-2
Cloud Probability data. In addition to cloud masking, our use of the median and 95" per-
centile over a two-year window likely helped reduce issues related to cloud cover in the
predictor variables and variation in greenness associated with marsh inundation.
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Table 3. Spectral indices used for mapping high marsh and salt pannes/flats along the northern Gulf of Mexico
coast, USA.

Index Formula Interpretation Source

Normalised difference (NIR—RED)/(NIR + RED) Measure of greenness; (Rouse
vegetation index (NDVI) positive relationship et al. 1974)

Red edge normalised (NIR—RE)/(NIR + RE) between value and (Barnes
difference vegetation index greenness et al. 2000)
(RENDVI)

Green normalised difference (NIR—GREEN) /(NIR + GREEN) (Gitelson
vegetation index (GNDVI) et al. 1996)

Modified soil-adjusted (2 % NIR+1- (Qi et al. 1994)
vegetation index (MSAVI) \/((Z*NIR + 1)2 — 8+(NIR=RED)))/2

Modified normalised (GREEN—SWIR) /(GREEN + SWIR) Measure of wetness; (Xu 2006)
difference water index positive relationship
(MNDWI) between value and

Land surface water index (NIR—SWIR)/(NIR + SWIR) wetness (Chandrasekar
(LSWI) et al. 2010)

NIR: the near-infrared band of the orthoimagery; RED: the red band of the imagery; RE: the red edge band of the
imagery; GREEN: the green band of the imagery; SWIR: the shortwave infrared band of the imagery.

2.3.3. Classification models

We developed random forest models for each region using the randomForest package in
R (Liaw and Wiener 2002; R Core Team 2018). For each region, we originally used 70%
of the reference data for model training and planned on using 30% for assessing the
accuracy of the final map; however, the final split percentage varied since some of the
testing data were omitted because we only mapped high marsh and salt pannes/flats
instead of the SHARP classes (e.g. water, upland) (Table 2). Hyperparameters for the ran-
dom forest models (i.e. mtry, min.node.size, and sample fraction) were tuned with 1,000
trees using the tuneRanger package (Probst et al. 2019) over 70 iterations. We used the
mean decrease in Gini as an indicator of relative importance and selected the top 10 pre-
dictors within each mapping region to retune the random forest model. For areas lacking
training data, we used our best judgment to determine the nearby region that would have
similar wetlands and serve as appropriate proxies (Figure 1; Table 2). Specifically, we used
the Texas Mid-Coast model for the Laguna Madre region, the Lake Pontchartrain to
Mobile Bay model for the Florida Panhandle region, and the Florida Big Bend model for
the West Peninsula Florida, Everglades, and Florida Keys regions. Similar to the input
predictor variables, the final resolution of our map products was 10 m.

Maps were simplified by reclassifying pixels that fell into SHARP classes that were not
high marsh and salt pannes/flats (e.g. low marsh, terrestrial border, mudflat) as ‘other’ if
their probability of being irregularly flooded was >10%. To reduce potential commission
errors, we constrained the final high marsh class to areas mapped as high marsh using
the random forest model with >10% probability of being an irregularly flooded wetland;
otherwise these areas were set to ‘other’. This 10% probability threshold was identified via
visual inspection of the results. While 10% may seem like a low threshold, the procedure
errs in a conservative manner regarding the potential omission of high marsh.
Additionally, while these probabilistic outputs incorporated elevation uncertainty, the
amount of uncertainty in a non-corrected DEM in wetland areas can be as high as about
0.5m (Enwright et al. 2023b). The salt panne/flat class required minor manual editing,
which involved removing areas that were mapped as barren that appeared to be salt pan-
nes/flats using photointerpretation (i.e. bare area within the upper wetland zone) and
removing areas that were incorrectly classified as salt panne/flat (e.g. beach, overwash
areas, or bare areas that did not fall within the upper wetland zone). The final salt panne/
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flat class included areas mapped as salt panne/flat (including edits) that had a probability
>0% of being an irregularly flooded wetland. Our rationale for using a probability >0%
is that the Monte Carlo approach used in Enwright et al. (2023b) utilized simple assump-
tions of potential error and did not factor in biomass or vegetation cover. As a result, salt
pannes/flats with sparser or no vegetation coverage could have a probability of being
irregularly flooded of >0%. Pixels that did not meet any of these conditions were set to
‘No Data’. Lastly, we removed high marsh and salt pannes/flats that intersected open
water from the C-CAP Beta products and smoothed noise in the maps using a majority
filter, which reclassified pixels to the majority class for a 3-by-3 pixel moving window.

2.3.4. Mapping irregularly flooded wetland dominated by Juncus roemerianus

Juncus roemerianus is associated with high marsh in parts of the northern Gulf of Mexico
coastal region. This species can occur throughout the marsh zone, especially along the
eastern part of the northern Gulf of Mexico from Mississippi to Florida (Archer et al.
2022). After the development of the initial maps, we developed binary maps to highlight
irregularly flooded wetlands dominated by J. roemerianus for three regions: (1)
Mississippi Sound (LA/MS/AL); (2) Florida Panhandle; and (3) Florida Big Bend.
Creation of this layer enabled the potential for separation of high marsh dominated by
other characteristic species from J. roemerianus-dominated high marsh. The maps were
developed using a subset of our reference data, but points were assessed as to whether or
not J. roemerianus was the dominant species using percent cover information by species.
The ]. roemerianus-dominated irregularly flooded wetland map was developed using a
similar process as the high marsh and salt pannes/flats maps (see supplemental material
and Table S1).

2.3.5. Map validation

We used about 30% of the data points to assess the accuracy of the map classes (i.e. high
marsh, salt pannes/flats, and other) and J. roemerianus-dominated marsh and non-J. roe-
merianus-dominated marsh. Due to a small sample size (n= 1,641 for the high marsh and
salt pannes/flats map and n=155 for the J. roemerianus-dominated map), we combined
all the validation points to assess the accuracy of the product along the northern Gulf of
Mexico coast. The ‘other’ class included points labeled as either terrestrial border, barren,
Phragmites, or low marsh that intersected the map product. Water and upland were
excluded from the accuracy assessment since these classes were not mapped. The accuracy
assessment included the overall accuracy, producer’s accuracy (i.e. omission), and user’s
accuracy (i.e. commission) for each class except ‘other’.

3. Results
3.1. Mapping high marsh and salt pannes/flats

We include example output maps for the Grand Bay estuary in Mississippi for illustrative
purposes (Figure 4). The relative importance represented as the mean decrease in Gini for
each regional model (Figure 5) points to the elevation-based predictor variables, elevation
relative to mean higher high water and/or the probability of an area being an irregularly
flooded wetland, as being the most important variables. Specifically, these predictors were
among the top-five predictors for all but one region (Deltaic Plain). Mean radar backscat-
ter for VH (vertical transmit/horizontal receive backscatter) and VV (vertical transmit/
vertical receive backscatter) were in the top-five most important variables in the Chenier


https://doi.org/10.1080/10106049.2023.2285354
https://doi.org/10.1080/10106049.2023.2285354

GEOCARTO INTERNATIONAL 11

88°28'W 88°26'W 88°24'W

30°24'N @Q = { & b

30°22'N

Land cover
an > M Developed
020N Agricultural Land
M Grassland
. Class
Woody Vegetation .
Palustrine Wetland High marsh JURO-dominant wetlands
Estuarine Wetland Salt pannes/flats Il Absence
30°18N M Bare Land Other Presence
[JWater [ Not classified I Not classified

Figure 4. Example of high marsh and salt pannes/flats map products for the Grand Bay estuary, Mississippi, USA. (a)
land cover map modified from the National Oceanic and Atmospheric Administration’s Coastal Change Analysis
Program 30-m layer (NOAA 2016). (b) map of high marsh, salt pannes/flats, and other irregularly flooded wetlands. (c)
map of irregularly flooded wetlands dominated by J. roemerianus. White areas in panes b and c represent areas out-
side the coastal wetland mask.

Plain and Deltaic Plain. In contrast, the standard deviation of the radar backscatter was
not included in any model. At least one greenness predictor was within the top-five most
important predictors for all regions. Among greenness indices, the green normalised dif-
ference vegetation index (GNDVI), red edge normalised difference vegetation index
(RENDVI), and modified soil adjusted vegetation index (MSAVI) were the most common
with four instances each. Normalised difference vegetation index (NDVI) was not in the
top-five most important predictors for any region. Of the greenness statistics, the median
values for greenness were the most common followed by the interquartile range. Wetness
was in the top-five most important predictors for Texas Mid-Coast, Deltaic Plain, and
Mississippi Sound, with modified normalised difference water index (MNDWTI) being
more common than land surface water index (LSWI).

Based on our classification, we estimate a total of 244,261 ha of high marsh, 119,091 ha
of salt pannes/flats, and 901,396 ha of wetlands mapped as ‘other’ along the northern Gulf
of Mexico coast (Table S2). The relative coverage of high marsh by region (Figure 6)
ranged from about 4% to 65%. The highest relative coverage of high marsh occurred in
the Texas Mid-Coast, Florida Panhandle, and Chenier Plain with around 65%, 40%, and
30%, respectively. The lowest relative coverage of high marsh was in the Everglades,
Laguna Madre, and Florida Keys with about 4%, 5%, and 8%, respectively. The relative
coverage of salt pannes/flats by region ranged from approximately 0% to 75%. Everglades,
Florida Keys, Mid-Deltaic Plain, and Deltaic Plain, all had little or no coverage of salt
pannes/flats. By far, the highest relative coverage of salt pannes/flats was found in Laguna
Madre (74%) followed by Texas Mid-Coast with (15%). All maps produced in this study
are available via Enwright et al. (2023a).

For our 1,641 points, the overall accuracy was 80.99%. The producer’s accuracy was 74.84%
and 81.31% for high marsh and salt pannes/flats, respectively. The user’s accuracy was 69.56%
and 76.99% for high marsh and salt pannes/flats, respectively (See Table S3 for details).
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Figure 5. The top 10 predictor variables per region for mapping high marsh and salt pannes/flats along the northern
Gulf of Mexico, USA. Predictor importance is proportional to unitless MeanDecreaseGini values. DEM, elevation relative
to mean higher high water from the digital elevation model; GNDVI, green normalised difference vegetation index;
LSWI, land surface water index; MNDWI, modified normalised difference water index; MSAVI, modified soil-adjusted
vegetation index; NDVI, normalised difference vegetation index; PIF, probability irregularly flooded wetland; RENDVI,
red edge normalised difference vegetation index; VH, vertical transmit/horizontal receive backscatter; VV, vertical trans-
mit/vertical receive backscatter. Spectral indices that end in 50, 95, IQR, are the median, 95t percentile, and interquar-
tile range, respectively.

3.2. Mapping irregularly flooded wetlands dominated by Juncus roemerianus

Regarding importance for mapping irregularly flooded wetlands dominated by J. roemeria-
nus, LSWI variability (IQR) was the most important predictor followed by the median
MSAVI, VV and VH mean backscatter, and the median GNDVI (Figure S2). Based on
our classification model, there was about 11,885ha of irregularly flooded wetlands domi-
nated by J. roemerianus from the Mississippi Sound to the Florida Big Bend. The relative
coverage of irregularly flooded wetlands dominated by J. roemerianus was about 5%, 16%,
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Figure 6. Relative coverage of high marsh, salt pannes/flats, other irregularly flooded wetlands by region along the
northern Gulf of Mexico, USA. Other wetlands had a probability of being irregularly flooded wetland of >10%
(Enwright et al. 2023b) and were not mapped as high marsh or salt panne/flat. The ‘total area’ column indicates the
total area mapped as one of these three classes in square kilometers (sq km). We used sq km instead of ha here due
to showing coverage at the region level. See Figure 1 for regional boundaries.

and 12% for the Mississippi Sound, Florida Big Bend, and Florida Panhandle, respectively.
The areal coverage of irregularly flooded wetlands that were dominated J. roemerianus by
region and watershed are included in Table S4.

The overall accuracy of the map of irregularly flooded wetlands dominated by J. roe-
merianus was 80.00% (n =155 points). The producer’s accuracy was 63.16% and 89.80%
for irregularly flooded wetlands where J. roemerianus is the dominant species and irregu-
larly flooded wetlands not dominated by J. roemerianus, respectively. The user’s accuracy
was 78.26% and 80.73% for irregularly flooded wetlands where J. roemerianus is the dom-
inant species and irregularly flooded wetlands not dominated by J. roemerianus, respect-
ively (See Table S5 for details).

4. Discussion

The objective of this study was to develop the first regional map of high marsh and salt
panne/flat wetland subsystems across the northern Gulf of Mexico coast. Mapping these
subsystems (Figure 4) expands upon the thematic detail for wetlands not explicitly
delineated in widely available national mapping products like NOAA’s C-CAP product
and the National Wetlands Inventory.

4.1. Comparison with past efforts

Due to their importance for providing fish and wildlife habitat high marsh and salt pan-
nes/flats have been a target for recent mapping efforts nationwide, including: (1) north-
eastern United States (Correll et al. 2018); (2) southeastern United States (Allen 2017;
2019); (3) Grand Bay estuary, Mississippi (Pitchford 2019); and (4) Texas (Elliott et al
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2014). Earlier mapping efforts utilized high-resolution imagery aerial imagery (Correll
et al. 2018; Pitchford 2019); whereas this study, Elliott et al. (2014) and Allen (2017,
2019) used satellite imagery and high-resolution imagery as ancillary data for sample
development. Model development in this study was conducted at the regional level similar
to Elliott et al. (2014) and Correll et al. (2018). Regional changes in predictor variable
composition and order highlighted the benefits of this approach for mapping wetland sub-
systems along the northern Gulf of Mexico, which features highly variable wetland charac-
teristics (Osland et al. 2014; Gabler et al. 2017).

Elevation has a positive relationship with plant species richness in coastal wetlands
(Gough et al. 1994), including the high marsh zone (Brewer et al. 1997). Elevation and
tidal information were used by Allen (2017) and Allen (2019) to focus the mapping effort
on coastal wetlands, whereas Correll et al. (2018) used elevation data and tidal data to
develop elevation thresholds maps. To account for the elevation error in coastal wetlands,
which has been well-documented in numerous studies (Enwright et al. 2023b and referen-
ces therein), our effort utilized elevation data and elevation-based probabilistic maps high-
lighting the probability of an area being an irregularly flooded wetland. This predictor
variable was developed using NOAA’s high tide flooding information as the upper bound
of the irregularly flooded wetland zone. Additionally, maps produced here utilized SAR
backscatter, which has not been widely used, except by Allen (2017). Incorporating SAR
backscatter was important in developing maps for southeastern Louisiana and mapping
irregularly flooded wetlands that are dominated by J. roemerianus (Figure S2). We
hypothesize this is due to the ability to detect surface roughness, substrate moisture, and
vegetation structure in coastal wetlands (Kasischke and Bourgeau-Chavez 1997). Another
new element provided here was information on subsystems dominated by J. roemerianus.
This information can be used to isolate high marsh areas that are dominated by Spartina
patens, Spartina spartinae, and Spartina bakeri, which can be important in areas with
extensive J. roemerianus, such as the Grand Bay estuary in Mississippi (Archer et al
2022). Future mapping efforts could explore expanding a single map with increased the-
matic resolution that includes high marsh with dominant species (e.g. J. roemerianus-
dominated wetlands) and adding SHARP classes (e.g. terrestrial border, low marsh).

Generally, our results confirm findings by Artigas and Yang (2005) that low marsh and high
marsh are separable using the red edge and near infrared bands. Specifically, RENDVI was in
the top-five most important predictors for four of six regions modelled and at least one of the
greenness indices was in the top-five most important predictors for all regions.

Due to the extensive study area, lack of ground reference data across the entire study
area, and the complex regional variation of coastal wetlands across the northern Gulf of
Mexico (Gabler et al. 2017), our effort focused strictly on mapping high marsh and salt
pannes/flats, whereas the other previous efforts mapped a suite of wetland classes. While
the map produced in this study spans the entire northern Gulf of Mexico region, areas
where multiple maps products exist (e.g. Texas; Grand Bay estuary, Mississippi; and
Mobile Bay to Tampa Bay) provide an opportunity for taking an ensemble approach to
identifying potential areas that contain high marsh and salt pannes/flats. For example,
areas mapped as high marsh in any map could be helpful for users to flag for future
investigation.

4.2. Implications

Maps depicting high marsh and salt pannes/flats can serve as a baseline of contemporary
wetland coverage and regional variation. It is important to develop efficient and
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repeatable methods, such as those used here, for developing maps of coastal wetland types
over time because coastal wetlands are predicted to undergo widespread transformation
due to climate change. Coastal inundation is estimated to increase over the next several
decades with accelerated sea-level rise (Sweet et al. 2022). Increased inundation is pre-
dicted to lead to the upslope migration of these irregularly flooded wetlands (Osland et al.
2022; Pitchford et al. 2022) or lead to localized loss in areas that cannot keep pace with
sea-level change (Saintilan et al. 2022). Mapping these ecosystems at regular intervals can
help highlight changes to these important environments. In addition to baseline informa-
tion, high marsh and salt pannes/flats maps can have numerous applications including:
(1) developing new wetland research sites or monitoring (MacKenzie and Dionne 2008);
(2) identifying new sites for marsh bird monitoring (Tolliver et al. 2019; Woodrey et al.
2019); (3) highlighting areas for detailed assessments of high marsh, such as the explor-
ation of biomass (Byrd et al. 2018) or microtopography (Stribling et al. 2007); and (4)
increasing our understanding and ability to model the distribution of high marsh-depend-
ent species (Tolliver et al. 2019; Stevens et al. 2022).

4.3. Future efforts

The ability to map coastal wetlands has improved due to numerous factors that include: (1)
enhanced accessibility to and processing of multitemporal data via cloud computing resources
(Wang et al. 2020); (2) increased availability of high-quality elevation data (Enwright et al.
2023b); (3) improved extent and accessibility of radar-based satellite imagery, such as C-band
Sentinel-1, and, in the near future, expanded L-band SAR (NASA 2023a); (4) expansion of
high-resolution commercial satellite data; (5) data fusion techniques using machine learning
algorithms (Worthington et al. 2023); and (6) advancement of deep learning algorithms (Gray
et al. 2021). Similar to the increased availability of SAR data, the increased spectral resolution
with moderate-resolution satellite imagery planned with Landsat Next should enhance the
delineation of marsh types (NASA 2023b). Collectively, these are all avenues for future
research to enhance future wetland maps.

In addition to exploring methodology advancements, future efforts can update and
enhance the high marsh and salt pannes/flats map produced in this study by filling tem-
poral gaps of elevation data and using new data and data processing techniques. As dis-
cussed in Enwright et al. (2023b), since the development of these maps, new lidar data
are available in many parts of Florida and data acquisition is planned in parts of coastal
Louisiana. Additionally, future efforts could explore enhancing the elevation-based irregu-
larly flooded wetland probability information by using biomass information to add
nuance to elevation error assumptions (Enwright et al. 2023b), which could increase the
accuracy of the probability outputs in salt pannes/flats. Diagnostic characteristics for high
marsh have been developed at the coast-wide level for the Gulf and Atlantic coasts, but
regional varijability exists in terms of plant species composition (Table S1). Other future
enhancements to this specific study could include: (1) collecting data needed to develop
models for regions not fitted in this effort; (2) more robust validation, including validating
regional boundaries; (3) exploring microtopography in high marsh systems; and (4) the
integration of vegetation height above ground metrics from lidar point clouds.

5. Conclusion

We built on past efforts to develop the first regional map of high marsh and salt panne/
flat wetland systems across the northern Gulf of Mexico. We accounted for regional


https://doi.org/10.1080/10106049.2023.2285354

16 N. M. ENWRIGHT ET AL.

variability in wetlands by developing models for regions with available training data. The
importance of predictor variables varied by region. In general, elevation, irregularly
flooded wetland probability, mean SAR backscatter and spectral indices related to green-
ness and wetness tended to be the most important for mapping high marsh and salt pan-
nes/flats. The overall accuracy of the high marsh and salt pannes/flats map was just over
80%. The highest relative coverage of high marsh was found in the Texas Mid-Coast,
Florida Panhandle, and Chenier Plain, whereas the lowest relative coverage of high marsh
was in the Everglades, Laguna Madre, and Florida Keys. By far the highest relative cover-
age of salt pannes/flats was found in Laguna Madre (74%) followed by Texas Mid-Coast
with (15%). Everglades, Florida Keys, Mid-Deltaic Plain, Deltaic Plain, all had no or very
little coverage of salt pannes/flat. We created an ancillary map that highlighted J. roemer-
ianus-dominated irregularly flooded wetlands from the Mississippi Sound to the Florida
Big Bend. The map had an overall accuracy of 80%. Wetness variability was the most
important predictor for this map followed by radar backscatter and greenness indices.
Our map and framework advance the collective understanding of estuarine marsh zon-
ation and provide a baseline for assessing future transformations predicted from climate
change. The map and framework presented in this study can be updated for this region
and adapted to other areas. Future research efforts could explore how these maps can be
enhanced using: (1) updates with new lidar data and field data; (2) more robust map val-
idation, including assessing if regional boundaries are appropriate; (3) anticipated satellite
sensors and data availability, such as NISAR and the increased spatial and spectral reso-
lution satellite data (e.g. Landsat Next); (4) additional lidar-derivatives, such as height
above ground estimates; (5) data fusion; (6) deep learning techniques; and (7) high marsh
characteristics, such as microtopography.
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