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Abstract: Landscape models are essential tools that link landscape patterns to ecological processes.
Barrier island vegetation communities are strongly correlated with geomorphology, which makes
elevation-based metrics suitable for developing a predictive habitat classification model in these
systems. In this study, multinomial logistic regression is used to predict herbaceous, sparse, and
woody habitat distributions on the North End of Assateague Island from slope, distance to shore,
and elevation change, all of which are derived from digital elevation models (DEMs). Sparse habitats,
which were generally found closest to shore in areas that are exposed to harsh conditions, had the
highest predictive accuracy. Herbaceous and woody habitats occupied more protected inland settings
and had lower predictive accuracies. A majority of woody cells were misclassified as herbaceous
likely because of the similarity in the predictive parameter distributions. This relatively simple model
is transparent and does not rely on subjective interpretations. This makes it an effective tool that
can directly aid practitioners making coastal management decisions surrounding storm response
planning and conservation management. The model results were used in a nutrient sequestration
application to quantify carbon and nitrogen stored in barrier island vegetation. This represents an
example of how the model results can be used to assign economic value of ecosystem services in a
coastal system to justify different management and conservation initiatives.

Keywords: ecological model; digital elevation model; habitat classification; multinomial logistic
regression; nutrient sequestration; coastal management

1. Introduction

Coastal zone habitats such as salt marsh, maritime forest, and dunes provide a variety
of ecosystem services including flood protection for habitats and infrastructure, recreational
opportunities, resources, and habitat space [1]. Understanding the cause and effects of their
changing distributions is a topic of growing concern given that coastal habitats are globally
threatened by climate change and anthropogenic pressure [2–6]. Barrier island systems
support a variety of these coastal zone habitats and provide a protective buffer to inland
bay, estuarine, and wetland environments. As the first line of defense to mainland coastal
shorelines, barrier islands are particularly sensitive to physical stressors such as sea level
rise and storm disturbances.

Geomorphic and biological patterns and processes on barrier islands are inextricably
linked such that topography dictates species or habitat distributions, and species distri-
butions in turn affect landscape change [7,8]. Landscape ecology has historically focused
on connecting spatial patterns with ecological processes to predict or model vegetation
distributions [9,10]. Towards this goal, landscape metrics, derived from in situ and remotely
sensed data, have been related to coastal habitat gradients and can therefore be used for
predicting species distributions (e.g., [11,12]). For example, local topographic variation can
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represent signatures of different species, which have been used to define distributions in
ecogeomorphic habitats [13–15]. Spatially predictable abiotic stressors are highly correlated
with habitat and species distributions, which enables identification of habitat or species
distribution thresholds from stress gradients extracted from elevation data [13,16].

Elevation and distance to shore are the most common landscape metrics linked to
barrier island vegetation habitats. These metrics are physical proxies to many abiotic stres-
sors controlling vegetation distribution on barrier islands [16–20]. For example, distance
to shore can represent salinity and/or disturbance exposure, where vegetation closer to
shore must be adapted to harsher conditions (e.g., higher salinities and burial), while more
salt-sensitive species are found farther inland. Elevation is often used to indicate water
stress and flooding vulnerability, with water stress-tolerant species found on dunes and
flood-tolerant species in marshes [17,18].

Remote sensing data, such as lidar and satellite/aerial imagery, can be important
resources to monitor coastal dynamics at high spatial and temporal resolutions over larger
spatial extents than can be covered through field-based efforts. Lidar data have been used
in numerous studies to develop digital elevation models (DEMs) that are then analyzed to
capture geomorphic features and changes shaped by various coastal processes [21]. These
elevation map products can inform coastal management decisions related to sediment
transport, sea level rise, and storm impacts [22,23]. Similarly, satellite and aerial imagery
has been widely used in coastal areas to identify habitat boundaries (e.g., wetland extent)
by implementing supervised and unsupervised classification algorithms, and track changes
in coverage, which can be used to inform conservation strategies, especially in vulnerable
areas (e.g., [24]). Several studies have also demonstrated that coastal habitat classification
accuracy can further be refined by integrating multiple remote sensing datasets (i.e., lidar,
imagery, and field-based observations) to provide highly accurate and detailed products
for coastal zone management [25,26].

Although vegetation data exist in some areas, they are usually collected less rou-
tinely than elevation data and often over smaller spatial extents [27,28]. Additionally,
using high-resolution, multispectral aerial imagery to delineate vegetation habitats is more
computationally expensive, with larger file sizes and more processing steps that require
specialized knowledge, than using single-band elevation data at comparable resolutions.
Therefore, using publicly available elevation data to predict coastal vegetation habitats can
potentially overcome scale (spatial and temporal) and processing limitations to make habi-
tat data more accessible for coastal managers. The purpose of this study is to (1) develop a
model that uses elevation-based landscape metrics, which are linked to ecological processes,
to classify vegetation habitats using Assateague Island as a case study; (2) determine the
accuracy of the predictions by habitat type; and (3) calculate nutrient (C, N) sequestration
from the model results to demonstrate the first step for quantifying ecosystem service
value. Using landscape metrics to classify habitat and, in turn, organic matter accumulation
allows for greater insight on how habitat change may affect rapid carbon sequestration,
a process that has not been widely studied in barrier island systems [29]. Understanding
potential C and N sequestration in barrier islands highlights their role in global C and N
budgets and also serves as a modeled example of integrating landscape-level measures
to ecosystem processes. By rapidly assessing landscape classes from readily and publicly
available elevation data, this model is made accessible to managers and practitioners,
linking critical ecological processes to landscape planning and operations [4,5].

2. Study Area

Assateague Island is a largely undeveloped, microtidal, and wave-dominated barrier
island complex that spans 60 km along the Maryland and Virginia coasts. This study
focuses on the northernmost 10 km (hereafter referred to as the North End), which includes
~4.5 km2 of the Assateague Island National Seashore (ASIS) managed by the National
Park Service (NPS). It is bound by Ocean City Inlet, Assateague State Park, the Atlantic
Ocean, and Sinepuxent Bay to the north, south, east, and west, respectively (Figure 1). The
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highly dynamic North End is relatively low-lying, narrow, and erosive due to frequent
storm impacts and sediment deficits caused by the Ocean City Inlet jetties constructed
in 1935 to stabilize the Inlet for navigation [30]. The prolonged sediment loss prompted
emergency management actions, including construction of a low-elevation foredune to
prevent breaching and a long-term restoration project to mitigate erosion and to protect
island integrity [30–32].

The North End is made up of predominately unvegetated beach, sparsely vegetated
dunes, fringing salt marsh, and forest and shrub habitats [28,33]. Vegetation patterns on
the North End are strongly correlated with geomorphology, such that dune vegetation is
sparse and largely overwash driven while shrubs, maritime forests, and salt marshes have
developed inland of the sheltering foredune [34]. The North End supports a variety of
threatened and endangered species, such as the Amaranthus pumilus (seabeach amaranth)
and Charadrius melodus (piping plover). Sparsely vegetated overwash areas are critical
nesting habitats for piping plover, which are monitored annually by the NPS to measure
breeding success [30].
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3. Materials and Methods
3.1. Geospatial Data and Processing

There is a wealth of publicly available, high-resolution and multitemporal remote
sensing data for the North End that were utilized for the landscape analysis. The NPS
mapped North End vegetation habitats from aerial imagery and field surveys between 1994
and 2012 as part of an effort to monitor piping plover breeding activities. Habitats were
defined by vegetation coverage and classified as sparse (<20% vegetative cover, including
bare), herbaceous (wetland and upland covering at least a 25 m2 area at >20% cover), or
woody (recognizable stand of shrubs or trees). Lidar data have been collected along the
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East Coast by a variety of Federal agencies for mapping shoreline change and are listed
in Table 1. For this study, piping plover habitat data with 1 m horizontal accuracy (2012)
were obtained from the NPS ASIS data repository (https://asis-nps.opendata.arcgis.com/;
accessed on 1 June 2021). DEMs derived from lidar data (2000 and 2012) were obtained
from NOAA’s Digital Coast; Table 1 includes horizontal and vertical accuracies associated
with the lidar data. The DEMs were clipped to the extent of the habitat data and resampled
to 5 m resolution using nearest-neighbor interpolation. The 5 m spatial resolution was
chosen as a common resolution that also optimized computation time and power.

Table 1. Lidar data specifications (year, cell size, vertical and horizontal accuracy, agency, and sensor)
for ASIS 2000 [35] and 2012 [36].

Year Cell Size
(m)

Vertical Accuracy
(cm)

Horizontal Accuracy
(cm) Agency Sensor

2000 3 15 80 NOAA, NASA, USGS Airborne Topographic Mapper
2012 * 1 7 30 USACE Optech Gemini Lidar Sensor

* Post Hurricane Sandy.

Six DEM-derived metrics linked to barrier island vegetation growth and distribution
patterns (Figure 2) were identified from a database that relates ecological processes to
landscape patterns and metrics [4]. Elevation change (between two DEMs), slope, and
distance to shore (distance to zero contour; Figure 2) were selected for inclusion in the
habitat model after removing highly correlated metrics. The Geospatial Data Abstraction
Library (GDAL) tools gdaldem, gdal_proximity.py, and gdal_calc.py were used to develop
surfaces of the three selected metrics. The habitat data were downloaded in vector format
and then rasterized to the same extent and cell size as the DEM-derived parameters. Each
raster was then converted from a 2D array to an XYZ dataset and merged into a single
dataset by XY coordinates. Any rows with missing data were removed. A cube-root
transformation was applied to the slope and distance-to-shore values to normalize their
distribution.
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3.2. Model Development

Multinomial logistic regression is a statistical approach that uses probabilities to
predict categorical data (>2 categories) from a set of independent variables. Multinomial
logistic regression was performed in Python 3.8 (using scikit-learn 0.24.1) [37] to develop a
model classifying herbaceous, sparse, and woody habitats from the following DEM-derived
metrics: elevation change, transformed slope, transformed distance to shore, and product

https://asis-nps.opendata.arcgis.com/
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of transformed slope and distance to shore. The logarithm of the probability of habitat k is
represented by the following log-linear equation:

ln(Pr(Yi = k)) = βk·Xi − ln(Z) (1)

where βk is a vector of length m, the number of explanatory variables, of regression
coefficients associated with classification k; Xi, also length m, is a vector of the explanatory
variables at observation i; and ln(Z), the intercept. Z is a partitioning value to ensure the
probabilities of all habitats (k) sum to one:

Z = ∑K
k=1 eβk ·Xi (2)

Note, βk and ln(Z) are unique for each classification, and thus 3 separate equations
were developed to predict the probability of herbaceous, sparse, and woody habitats at
each grid cell. Because the probabilities of each habitat must sum to one, the probability of
habitat c is described by:

Pr(Yi = c) =
eβc ·Xi

∑K
k=1 eβk ·Xi

(3)

This is the general form of the probability equation in which the numerator accounts
for exponentiating the first term of Equation (1) (a single habitat, c) and the denominator
is calculated by exponentiating ln(Z), Equations (1) and (3) were developed from the
whole dataset (DEM-derived metrics as inputs and habitat classifications as output). These
equations were then used to calculate habitat classification probabilities and the predicted
output was the habitat with the maximum probability. The 2000 DEM was only used to
calculate elevation change (2012–2000), while the 2012 DEM was used to calculate slope and
distance to shore. The 2012 habitat classification raster was compared to the model output
to assess overall model accuracy, producer and user accuracy, and the kappa statistic [38,39].

A nutrient sequestration application was explored to estimate how much carbon and
nitrogen are sequestered annually in herbaceous and woody barrier island vegetation using
elevation and vegetation habitat data collected on Assateague Island (Table 2) [40]. The
elevation ranges reflect the topographic zones in which different herbaceous and woody
communities were found. The sequestration rates, aggregated into the elevation ranges,
were determined from herbaceous biomass, leaf, and wood litter measurements. Nutrient
sequestration rates were assigned to each grid cell and multiplied by 25 to account for grid
cell area, using the 2012 elevation and observed and modeled vegetation results. Nutrient
sequestration in sparse habitats was assumed to be zero. Nutrient concentrations above 1.41
and 1.20 m elevation in herbaceous and woody habitats, respectively, were not measured
and were assigned the average values for herbaceous and forest communities [40].

Table 2. Nutrient (carbon and nitrogen) sequestration rates based on habitat type and elevation [40].

Habitat Elevation Range (m) Carbon Sequestration
(g C m−2 y−1)

Nitrogen Sequestration
(g N m−2 y−1)

Herbaceous

0.00–0.66 181.04 ± 15.74 3.52 ± 0.33
0.67–1.04 171.25 ± 30.67 3.68 ± 0.72
1.05–1.41 65.28 ± 11.97 1.36 ± 0.27

>1.41 112.00 ± 14.00 2.24 ± 0.28

Woody

−0.02–0.38 447.29 ± 56.09 6.65 ± 0.93
0.39–0.79 553.90 ± 87.97 8.70 ± 1.59
0.80–1.20 531.97 ± 41.88 6.14 ± 0.76

>1.20 497.00 ± 43.00 5.58 ± 0.48

4. Results

In 2012, the North End was made up of 37%, 45%, and 18% herbaceous, sparse, and
woody habitats, respectively (see Figure 3A). Frequency (normalized to habitat cell count)
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distributions of the transformed DEM-derived parameters are shown in Figure 4. Summary
statistics (minimum, maximum, mean, and standard deviation) corresponding to Figure 4
are listed in Table 3. Although generally similar across habitats, elevation difference varies
slightly more in sparse habitats (from −4.22 to 2.90 m; average 0.17 ± 0.57 m) relative to
herbaceous (from −2.66 to 3.09; average 0.23 ± 0.39 m) and woody (from −5.89 to 2.83;
average −0.04 ± 0.60), as evidenced by the shorter and broader distribution and large
standard deviation (Figure 4A). The standard deviation of elevation difference in woody
habitat is slightly larger than sparse because of the influence of extreme values (i.e., the long
tail) despite having an overall narrower distribution. Slope summary statistics (values are
expressed as cube root of % slope) are similar for the three habitats but, unlike herbaceous
(from 0.00 to 2.64; average 0.99 ± 0.36) and woody (from 0.00 to 2.81; average 1.04 ± 0.31),
sparse habitats display a bimodal distribution (from 0 to 2.68; average 0.95 ± 0.30), with
relative maximums at 0.74 and 1.18 (Figure 4B). Differences between habitats are most
apparent in the distance-to-shore parameter, in which values are expressed as cube root of
distance in meters. Herbaceous (from 3.56 to 8.68; 6.54 ± 0.91) and woody habitats (from
4.57 to 8.16; average 6.79 ± 1.31) both show a relatively normal distribution, with woody
habitats occurring over a narrower range. Sparse habitats, which range from 0 to 8.60
(average 4.91 ± 1.31) are generally found closest to the shore, but are also present, albeit
less frequently, on the bay side of the barrier island (Figure 4C).
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Table 3. Raster summary statistics (minimum, maximum, mean, and standard deviation), grouped
by habitat, of the transformed DEM-derived metrics. The * means\times.

Parameter Minimum Maximum Mean Std. Dev

All (n = 161,346)
Elevation difference (m) −5.89 3.09 0.15 0.53

[Slope (%)]1/3 0.00 2.81 0.98 0.33
[Distance to shore (m)]1/3 0.00 8.68 5.84 1.37

[Slope*Distance to shore]1/3 0.00 21.14 5.62 2.08

Herbaceous (n = 58,913)
Elevation difference (m) −2.66 3.09 0.23 0.39

[Slope (%)]1/3 0.00 2.64 0.99 0.36
[Distance to shore (m)]1/3 3.56 8.68 6.54 0.91

[Slope*Distance to shore]1/3 0.00 18.85 6.33 1.98

Sparse (n = 73,382)
Elevation difference (m) −4.22 2.90 0.17 0.57

[Slope (%)]1/3 0.00 2.68 0.95 0.30
[Distance to shore (m)]1/3 0.00 8.60 4.91 1.31

[Slope*Distance to shore]1/3 0.0 19.93 4.50 1.55

Woody (n = 29,051)
Elevation difference (m) −5.89 2.83 −0.04 0.60

[Slope (%)]1/3 0.00 2.81 1.04 0.31
[Distance to shore (m)]1/3 4.57 8.16 6.79 1.31

[Slope*Distance to shore]1/3 0.00 21.14 6.99 2.00

Table 4 lists the values of βk (4 regression coefficients that correspond to each explana-
tory variable: elevation difference, slope, distance to shore, and slope times distance to
shore) and ln(Z) (intercept) for the log-linear equations (Equation (1)) that were developed
for each habitat using multinomial logistic regression. Probabilities for each habitat type at
each grid cell (Xi) were calculated by exponentiating the log-linear equations into the form
of Equation (3), and the habitat with the maximum probability was selected as the model
output (Figure 3B).
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Table 4. Log-linear equation intercepts and regression coefficients developed to predict probability of
2012 herbaceous, sparse, and woody habitat types from 2012 and 2000 DEM-derived metrics.

Intercept Elevation Difference Slope(1/3) Distance to Shore(1/3) (Slope × Distance to Shore)(1/3)

Herbaceous −6.56 −0.63 3.87 0.98 −0.50
Sparse 7.82 0.08 −0.03 −0.94 −0.32
Woody −1.26 −0.71 −3.84 −0.03 0.82

An error matrix comparing number of cells per habitat between observations and
predictions is shown in Table 5 to evaluate model performance. Overall, 67.6% of the
cells were classified correctly (the diagonal in the matrix). Producer accuracy was 82.2%,
72.9%, and 20.1% and user accuracy was 81.7%, 56.1%, and 53.5% for sparse, herbaceous,
and woody habitats, respectively. Differences between producer and user accuracies in
herbaceous and woody habitats largely reflect woody habitats that were misclassified as
herbaceous (Table 4) as the model over-predicted herbaceous habitat area by 30.1% and
under-predicted woody habitat area by 62.4%. The model has a kappa statistic of 0.47,
indicating moderate agreement between the observations and model predictions [41].

The spatial distributions of habitat agreements and confusions (i.e., comparing grid
cells between observations in Figure 3A and model classification in Figure 3B) are shown
in Figure 3C. For more detail, see Figure S1, which illustrates the spatial distribution of the
six possible habitat confusions. Since the habitat requirement distributions dictated by the
DEM-derived metrics are similar for herbaceous and woody habitats (see Figure 4), the
confusions between these habitats were assumed more likely than confusion between sparse
and woody habitats. Only 6% of herbaceous habitat was misclassified as woody habitat,
predominately in the northernmost 1 km, while 75% of woody habitats were misclassified
as herbaceous and distributed along the total length of the North End. Approximately 20%
of herbaceous habitat was misclassified as sparse, and instances of this were typically closer
to the shore, whereas the 16% of sparse habitat that was misclassified as herbaceous was
found closer to the Bay shore. There was relatively less confusion (<5%) between woody
and sparse habitats.

Table 5. Error matrix with observations along the rows and predictions along the columns. The sum
of the rows represents the habitat observations, while the sum of the columns represents the model
predictions.

Predictions

Habitat Herbaceous Sparse Woody Total

Observations

Herbaceous 42,976 11,944 3993 58,913
Sparse 12,000 60,291 1091 73,382
Woody 21,656 1550 5845 29,051
Total 76,632 73,785 10,929 161,346

Maximum probabilities of the correct and incorrect classifications are shown in
Figure 5 to evaluate model prediction confidence. The average maximum probability
of the correctly classified cells (n = 109,112) was 0.58 ± 0.09, 0.85 ± 0.15, and 0.62 ± 0.15 for
herbaceous, sparse, and woody habitats, respectively. A majority of these classifications
(80% herbaceous, 96% sparse, and 79% woody) had a maximum probability that was
greater than the sum of the probabilities of the other two habitat types, ranging from 0.50
to 1.00. Of the incorrectly classified cells (n = 52,234), the average maximum probability
was 0.60 ± 0.13, 0.58 ± 0.10, and 0.55 ± 0.08 for herbaceous, sparse, and woody habitats,
respectively. Similarly to the correct classifications, 76% herbaceous, 77% sparse, and 76%
woody habitat misclassifications had a maximum probability that was greater than the sum
of the probabilities of the other two habitats, indicating that misclassifications were not
due to relatively low maximum probabilities. Instead, the incorrect classifications were
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likely because the cell DEM-derived parameters were more representative of the incorrect
habitat than the correct habitat. Most of the incorrectly classified woody habitat cells were
classified as herbaceous (Table 4) and were more similar to the herbaceous cells (Figure 6).
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Carbon and nitrogen sequestration on the North End was calculated for each grid
cell using elevation and habitat data (see Table 2). Values were calculated using habitat
observations (Figure 7A,B) and habitat model predictions (Figure 7C,D). Total carbon
sequestration based on the habitat observations ranged from 516.16 to 656.31 t C m−2 y−1,
with 36% from herbaceous vegetation and 64% from woody vegetation. Similarly, nitrogen
sequestration based on observations ranged from 7.17 to 9.50 t N m−2 y−1, with 38%
and 62% attributed to herbaceous and woody vegetation, respectively. Total carbon and
nitrogen sequestration based on habitat model predictions ranged from 374.95 to 473.08 t
C m−2 y−1 (68% herbaceous and 32% woody) and from 5.87 to 7.62 t N m−2 y−1 (73%
herbaceous and 27% woody), respectively. Although the calculated nutrient sequestration
values are similar for both the observations and model predictions, the contributions from
herbaceous and woody vegetation are flipped.
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5. Discussion

Because barrier islands encompass a range of habitats that provide different ecosystem
services, which are growing increasingly vulnerable to climate change, it is imperative to
classify habitat types at the system level to better understand and quantify barrier island re-
silience [42]. Vegetation plays a critical role in barrier island stability, from enhancing dune
recovery following an overwash event [43] to attenuating wave and current energy and
facilitating sediment deposition in marshes [44]. Although woody habitat can help stabilize
barrier islands, it is more resistant to rapid geomorphic change than herbaceous vegetation,
and woody habitat expansion may reduce long-term barrier island resilience [45]. Identify-
ing transitions between habitat zones can inform habitat use across a barrier island [46] as
well as storm response and recovery [47].

The model is most well suited for classifying sparse and herbaceous habitats, with
the greatest accuracy surrounding sparse vegetation, suggesting that the DEM-derived
metrics are appropriate proxies for the ecological processes controlling their distribution
on the North End. Similar to conclusions presented in Ziegler et al. [46], the physical
proxies do a good job of differentiating seaward-facing sparse habitats from those of more
moderate coverage densities found farther inland. The confusions between sparse and
herbaceous habitats in this example largely stemmed from herbaceous habitats found closer
to shore or sparse habitats closer to the bay than might be expected [17]. The relatively
high accuracy for sparse classifications is likely due to the inclusion of bare cells, which is
expected to be a large portion of the sparse habitat since oceanward plants maintain strict
limits regarding distance to shoreline for establishment and survival [16,18]. It may be
beneficial to distinguish between beach habitat unsuitable for plant growth and sparsely
vegetated backshore and dune. This distinction would be helpful for managers working to
predict potential future storm response, which is affected by beach width relative to storm
surge and planning planting efforts to establish setback limits [48].

Conversely, the model misclassified a majority of woody cells as herbaceous. These
errors primarily occurred because there was little difference between the herbaceous and
woody habitat requirements reflected in the parameter distributions (Figure 4). Although
the overall accuracy was comparable to other elevation-based modeling studies on barrier
islands [20,46,49], woody vegetation classification could be improved by including addi-
tional parameters that can better distinguish between woody and herbaceous vegetation,
such as access to freshwater lens [50,51] or soil age [52]. However, woody species, such as
Morella sps., may exhibit more plasticity than the literature suggests, warranting further in-
vestigation into their ranges to improve habitat classification efforts surrounding them [18].
Vegetation height information, which can be acquired from the first return of lidar data,
would help distinguish between woody and herbaceous vegetation, but requires additional
processing of raw lidar point clouds [53].

Differences in data collection methods (i.e., subjective interpretation of aerial imagery
and field surveys versus elevations derived from remote sensing) and survey timing
mismatch (i.e., habitat data collected pre-Hurricane Sandy and elevation data collected
post-Hurricane Sandy) could cause errors in the relationships between landscape patterns
and ecological processes. Although the habitat data are assumed to be “correct”, it may in
fact have errors from the manual delineation process, which could skew the relationships
between landscape metrics and habitat type [54]. More accurate habitat classifications,
such as those derived from the Field spectral libraries, airborne Hyperspectral imagery,
and Lidar altimetry (FHyL) method may better align the habitat and geomorphic data
and reveal additional predictive metrics, but this is more involved than a DEM-based
approach [26].

One of the main strengths of the model is that it is a relatively simple, but effective
tool that integrates readily available and routinely collected lidar elevation data, statistics,
and modeling techniques to predict habitat distributions on a barrier island. Classification
using multinomial logistic regression is more transparent and understandable (i.e., user
friendly) than other machine learning algorithms (e.g., [20]). It does not require prior system
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knowledge like a rules-based approach (e.g., [49]) or further refinement or subjectivity as is
typical for visual interpretation [54,55]. Similarly, it does not rely on the identification of
any specific landscape features, such as the dune crest, which can vary depending on the
dataset and extraction technique used [19,56]. Furthermore, the DEM-derived metrics are
not seasonally dependent, as compared to imagery-based metrics (NDVI and EVI), thus
reducing biases related to data collection timing [57,58].

Habitat classifications were constrained to those of the training dataset, and the results
highlight areas of improvement for future model development. The model currently does
not differentiate between vegetation habitats in different geomorphic zones (i.e., upland
grasses and salt marsh species are grouped as herbaceous), potentially overgeneralizing
the results. Different sub-classifications have been applied to other models but doing so
does not necessarily improve accuracy [46,55]. For example, Enwright et al. partitioned the
dune habitat into multiple sub-classifications but had greater accuracy grouping these into
one overarching ‘dune’ class [55]. Additionally, factors that influence vegetation growth,
such as hydrology, sediment transport, or episodic events, were not explicitly incorporated
into this model and can affect vegetation distributions [43,59]. It is important to note that
this example does not consider submerged habitats (i.e., seagrass beds) due to limitations
in collecting lidar in the turbid, shallow nearshore environment [60] as well as lack of
available submerged habitat data in the area.

Habitat distribution maps can play an essential intermediary step towards justifying
conservation and planning efforts. Conservation efforts, especially publicly funded ones,
often must be justified with societal benefits [61]. The nitrogen sequestration results can
be used to distinguish current and potential future habitat boundaries of herbaceous and
woody habitat transitions affected by climate change in barrier islands [40,42,62–64]. As
habitat boundaries change, these often nutrient-limited systems may experience substantial
increases in both N and C storage resulting from high litterfall in woody habitats (e.g.,
shrub thickets) [63]. Our current results integrate the impact of both vegetation type and
elevation on these storage processes. Identifying change in C and N sequestration at a
local scale allows for further understanding of the role of barrier island systems in C and N
stocks and fluxes at regional and global scales. However, it may be more appropriate to
interpret the nutrient sequestration rates as an order-of-magnitude calculation rather than
an exact value because the model results assume the entire cell (25 m2) was fully vegetated
and under-predicted woody vegetation and over-predicted herbaceous vegetation, which
have different nutrient concentrations.

Depending on how back-barrier habitat develops and maintains in the face of sea-
level rise, barrier islands, such as Assateague, may serve as an important carbon sink,
or a net source [65]. Because barrier island habitats can store carbon, which has been
well documented in salt marsh habitats [66,67], any efforts to conserve, restore, or build
vegetated habitat can impact carbon dynamics and can be monetarily justified. Carbon
stored can be converted to dollars per m2 after habitat cover and sequestration calculations
are made, such as in the application presented here. The direct assignment of a monetary
valuation provides an economic justification regarding different actions affecting habitat
loss or gain [29,65,68,69]. Further, using broader habitat classifications in these estimations
(e.g., herbaceous versus woody compared to distinguishing between dunes, marsh, grass-
land among herbaceous) helps demonstrate the interconnectedness among barrier island
habitats and potentially to raise public awareness of their ecosystem services [29,66].

6. Conclusions

The model developed for this study utilized DEM-derived metrics (elevation change,
slope, and distance to shore) to predict sparse, herbaceous, and woody habitats across
a barrier island landscape. It is a relatively simple, but effective tool requiring no prior
system knowledge to run and output results. The habitat maps produced can be used for a
variety of purposes. Uses may include, but are not limited to, coupling with hydrodynamic
models to better represent ecogeomorphic feedbacks over time, predicting habitat change
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over time, and estimating ecosystem service values. Landscape classification models are a
first step towards predicting changing species and habitat distributions and linking those
changes to patterns and processes with cause-and-effect relationships, providing insight
into barrier island resilience for coastal managers.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/10
.3390/rs14061377/s1, Figure S1: 2012 habitat observations (A), habitat predictions using the equa-
tions from Table 4 (B), and model accuracy assessment (C) in which observations were compared to
predictions. The legend is in order of habitat confusions that are assumed to be more likely (i.e., Herba-
ceous:Woody confusions) to habitats confusions that are assumed to be less likely (Woody:Sparse
confusions).
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