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a b s t r a c t

Mapping of seagrass is challenging, particularly in areas where seagrass cover ranges from extensive,
continuous meadows to aggregations of patchy mounds often no more than a meter across. Manual
delineation of seagrass habitat polygons through visual photointerpretation of high resolution aerial
imagery remains the most widely adopted approach for mapping seagrass extent but polygons often
include unvegetated gaps. Although mapped polygon data exist for many estuaries, these are likely
insufficient to accurately characterize spatial pattern or estimate area actually occupied by seagrass. We
evaluated whether a linear spectral unmixing (LSU) classifier applied to manually-delineated seagrass
polygons clipped from digital aerial images could improve mapping of seagrass in North Carolina.
Representative seagrass endmembers were chosen directly from images and used to unmix image-
clipped polygons, resulting in fraction planes (maps) of the proportion of seagrass present in each im-
age pixel.

Thresholding was used to generate seagrass maps for each pixel proportion from 0 (no thresholding,
all pixel proportions included) to 1 (only pixels having 100% seagrass) in 0.1 increments. The optimal
pixel proportion for identifying seagrass was assessed using Euclidean distance calculated from Receiver
Operating Characteristic (ROC) curves and overall thematic accuracy calculated from confusion matrices.
We assessed overall classifier performance using Kappa statistics and Area Under the (ROC) Curve (AUC).
We compared seagrass area calculated from each threshold map to the total area of the corresponding
manually-delineated polygon. LSU effectively classified seagrass and performed better than a random
classification as indicated by high values for both Kappa statistics (0.72e98) and AUC (0.80e0.99). The
LSU classifier effectively distinguished between seagrass and bare substrate resulting in fine-scale sea-
grass maps with overall thematic accuracies that exceeded our expected accuracy target of 85% (range:
86.3e99.0%) and were comparable to those reported from previous seagrass mapping studies utilizing
aerial image spectral data. The pixel proportion producing seagrass maps with highest accuracy varied
among sites (range: 0 to 0.5). The optimal pixel proportion determined from Euclidean distance varied
among sites (range: 0.2 to 0.6) and differed from those having highest accuracy. Importantly, the clas-
sifier identified small patches of seagrass, resulting in seagrass area estimates that were 2e94% lower
than the area of the corresponding habitat polygon. We conclude that where seagrass polygon data exist,
LSU can be used together with photointerpretation to generate spatially resolved maps suitable for
analysis of seagrass spatial configuration and provide improved estimates of actual seagrass acreage.

Published by Elsevier Ltd.
ent of Commerce, National
l Ocean Service, Office of
5 East-West Highway, SSMC4

hrin), ptownsend@wisc.edu
1. Introduction

Seagrasses are widely recognized as sensitive indicators of
overall estuarine health (i.e., high water quality), due in large part
to light requirements that are higher than other estuarine primary
producers (Dennison et al., 1993). Seagrass seascapes vary
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substantially in extent and pattern and persist given a delicate
balance between processes of disturbance and recovery (den
Hartog, 1971; Fonseca et al., 1983). Seagrass seascapes display
high spatial pattern heterogeneity, the result of localized hydro-
dynamic stress gradients (i.e., wind-wave exposure, tidal currents),
and exhibit pattern-specific responses to acute disturbances like
tropical cyclones (Fonseca and Bell, 1998; Fonseca et al., 2000; Gera
et al., 2013; Pu et al., 2014). Large, contiguous seagrass meadows
can develop in the absence of disturbance and in locations where
current velocity, wave action, or biological disturbance (bio-
turbation) are relatively low. In contrast, numerous small seagrass
patches characterize locations where storms are more frequent, or
current velocity, wave action, and perhaps bioturbation are rela-
tively high. In addition, seagrasses ‘migrate’ across the seascape in
response to sedimentary processes including erosion and sediment
accretion, leading to temporal pattern dynamics (Patriquin, 1975;
Ferguson et al., 1993; Marba and Duarte, 1995; Ferguson and
Korfmacher, 1997; Robbins and Bell, 2000; Fonseca et al., 2008).
These patterns likely develop as a dynamic equilibrium (den
Hartog, 1971; Patriquin, 1975; Fonseca et al., 1983; Fonseca and
Bell, 1998; Koch et al., 2006; Walker et al., 2006).

The extent and pattern of seagrass seascapes influence both
biological and physical functions of the broader seagrass
ecosystem. Seagrass patch configuration and extent variably affect
the distributions of a diverse assemblage of fauna (Turner et al.,
1999; Bostr€om et al., 2006, 2011), many with important commer-
cial value (Thayer et al., 1984; Jackson et al., 2001; Heck et al., 2003).
Patchy seagrass seascapes are vulnerable to seasonal bioturbation
activities by sting rays that target the edges of intermediate-sized
patches, exposing roots and rhizomes and leaving patches more
susceptible to erosion (Townsend and Fonseca, 1998; Peterson
et al., 2001). Seagrass patch spacing influences sediment resus-
pension, deposition, and erosion (Folkard, 2005) with implications
for coastal stability and water quality. Seascapes characterized by
patchy seagrass cover are more susceptible to loss of additional
cover during extreme wind events (Fonseca et al., 2000; Gera et al.,
2013). Seagrass coverage and pattern are relevant metrics for
planning restoration projects (Fonseca et al., 1998). Moreover, given
the link between disturbance and seagrass spatial heterogeneity
(den Hartog,1971; Patriquin,1975; Fonseca et al., 1983; Fonseca and
Bell, 1998; Koch et al., 2006; Walker et al., 2006), changes in the
spatial configuration of a seagrass seascape may affect ecosystem
resilience (sensu Holling's ‘ecological resilience’, 1973, 1996) and
could serve as an indicator of system transition (K�efi et al., 2014).

The spatially heterogeneous nature of most estuarine seagrass
seascapes presents a challenge for accurately mapping this highly
productive coastal resource. Visual interpretation of aerial
photography remains the most widely adopted approach for
mapping seagrass extent, including along the mid-Atlantic
seaboard of the United States (Carroway and Priddy, 1983;
Ferguson et al., 1993; Moore et al., 2000; Finkbeiner et al., 2001;
Lathrop et al., 2006; Costello and Kenworthy, 2011). Visual inter-
pretation involves hand-digitization of seagrass habitat boundaries
while adhering to a minimum mapping unit (MMU), i.e. some
smallest feature (e.g., an individual seagrass patch) or aggregate of
features (e.g., scattered seagrass patches on sand) that provides a
balance between generatingmaps with sufficient detail tomeet the
requirements of the end user and the time and cost to make the
maps (Finkbeiner et al., 2001; Rohmann and Monaco, 2005). The
high spatial resolution (sub-meter) of aerial images offers a distinct
advantage over more widely available multi-spectral sensors, in
terms of the visibility of fine-scale seagrass features. However,
when seagrass patches are mapped as bounded aggregate features,
substantial unvegetated substrate is found both between large,
continuous seagrass beds and among smaller patches. As a result, a
recognized limitation of this method is the inability to estimate the
actual area of seagrass occupation in patchy habitats or to analyze
fine-scale seagrass spatial pattern (Finkbeiner et al., 2001).

Another advantage of high resolution aerial images over those
generated by some multi-spectral sensors is the reduction, but not
elimination, of errors in classification accuracy due to mixed pixels
(when features of interest are smaller than image spatial resolu-
tion; Woodcock and Strahler, 1987). Mixed pixels impede accurate
habitat mapping because entire pixels are often assigned a single,
unambiguous class membership (Smith et al., 1985; Pech et al.,
1986; Settle and Drake, 1993; Fisher, 1997). Although mixed
pixels continue to occur at boundaries between features regardless
of feature size or sensor resolution (Schowengerdt, 2006), the issue
can be alleviated by either using the finest resolution imagery
available or employing spectral unmixing classifiers (Boyd and
Foody, 2011). Spectral unmixing has been used to classify coral
reefs from multi- and hyperspectral imagery (Hedley and Mumby,
2003; Mobley et al., 2005; Goodman and Ustin, 2007; Torres-
Madronero et al., 2009; Hamylton, 2011). Applications to seagrass
are few yielding mixed results for both hyper- and multi-spectral
images (Meyer, 2008; Torres-Madronero et al., 2009).

Application of traditional image processing techniques to aerial
images is challenging because individual image frames are often
edge-matched for mosaicking to provide regional coverage, thus
altering spectral data and precluding the development of consistent
spectral signatures. We reviewed the range of digital image pro-
cessing techniques used to classify seagrass from aerial images
(Supplemental Data 1). The selection of a particular technique was
location-dependent based on bathymetry, water clarity, seagrass
spatial pattern, and neighboring habitats, and also limited by
software accessibility and technical expertise. But overall, semi-
automated and automated techniques increase overall accuracy
compared to manual delineation alone (Supplemental Data 1).

The primary objective of this research was to evaluate the
effectiveness of combining visual photointerpretation of high res-
olution digital aerial images (0.3 � 0.3 m) with a semi-automated
linear spectral unmixing (LSU) classifier to improve mapping
detailed seagrass spatial pattern in the shallow waters of the
Albemarle-Pamlico Sound Estuary System in North Carolina. Spe-
cifically, we (1) determined whether a LSU classifier performed
better than a random classification for all seagrass pixel pro-
portions, (2) performed an accuracy assessment on seagrass frac-
tion planes (maps) generated from LSU for all seagrass pixel
proportions, (3) determined the optimal pixel proportion for la-
beling seagrass presence via LSU, and (4) evaluated whether the
LSU classifier led to improved fine-scale seagrass maps by identi-
fying small, individual seagrass patches and excluding bare
substrate.

2. Methods

2.1. Study site description

The Albemarle-Pamlico Sound Estuary System is a coastal
lagoon bordered on the east and south by a chain of barrier islands
(Outer Banks). Broad shallows (<2 m deep at mean low water) are
punctuated by deeper basins and channels. Seagrass beds along this
portion of the North Carolina coast cover an area of ~554 km2

behind the extensive barrier island system (APNEP, 2012). The beds
are dominated by a mixture of the temperate seagrass Zostera
marina (eelgrass) and the subtropical seagrass Halodule wrightii
(shoal grass), with occasional Ruppia maritima (widgeon grass) in
quiescent areas. Coastal North Carolina represents the only known
overlapping acreage of Z. marina and H. wrightii in the world
(Thayer et al., 1984).
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Six sites were selected for evaluation located at the southern
end of the Albemarle-Pamlico Sound Estuary System in two smaller
sounds (Core and Back Sounds; Fig. 1). Seagrass seascapes in the
subset were representative of cover types observed in the region, a
result of hydrodynamic forcing (Fig. 2; Fonseca et al., 1983; Fonseca
and Bell, 1998).

2.2. Image acquisition

On May 27, 2013, fixed-wing aerial imagery of the Albemarle-
Pamlico Sound Estuary System was captured using the Zeiss/
Intergraph Digital Mapping Camera interfaced to an Applanix
Global Positioning System/Inertial Measurement Unit under
optimal environmental conditions (e.g., wind speed, sun angle, tide
stage, cloud cover, turbidity levels) following standard protocols for
aerial imagery acquisition for the purposes of benthic habitat
mapping in the region (Ferguson et al., 1993; Dobson et al., 1995;
Finkbeiner et al., 2001). Images were collected in three bands:
blue (410e490 nm), green (510e590 nm), and red (610e690 nm) at
1:25,400 scale and a sensor altitude of approximately 3048 m. A
total of 242 individual 1524.39 � 1524.39 m images resulting from
eight flight-lines provided coverage of the estuary.

Post-processing was performed by the North Carolina Depart-
ment of Transportation Photogrammetry Unit. Images were
orthorectified (50 plain) and georeferenced to the North Carolina
State Plane coordinate system, NAD 1983 (Conus) Datum at a
0.3048 m ground cell resolution and 8-bit radiometric resolution
and provided as true color (3-band) digital image products in
GeoTIFF format. Images were re-projected to the Universal Trans-
verse Mercator coordinate system (Zone 18N), WGS 1984 Datum by
staff at NOAA/NCCOS using the ERDAS® Imagine® software package
and mosaicked by flight line.

2.3. Visual interpretation of seagrass

Seagrass beds were manually digitized following established
Fig. 1. Location of the six study sites in the southern region of the Albemarle-Pamlico Sou
proximity to major geographic features. HIB: Harker's Island Bridge; NRH: North River High;
High. Image from Google Maps (Data: SIO, NOAA, U.S. Navy, NGA, GEBCO; Image© Terrame
protocols in ESRI® ArcMap™ (v. 10.2.1, Environmental Systems
Research Institute, Redlands, CA) at a minimum mapping unit of
15 m on the longest axis. The digitizing scale was set between
1:2000 and 1:2500. The aerial images were viewed in a false-color
scheme with a 2-standard deviation stretch of the red band (band
3) as red, the green band (band 2) as green, and the red band (band
3) again as blue.

Images were clipped to the extent of the digitized polygon
feature to remove areas such as land, salt marsh, deep water, and
manmade structures (e.g., docks, duck blinds) that may add noise to
the classification procedure. For the purposes of this evaluation,
linear spectral unmixing (LSU) was performed only on the indi-
vidual clipped polygons that encompassed the six study sites.
Limiting our seagrass classification to the extent of previously
mapped polygons also eliminated tiling effects and variations in
spectral response among frames, which may result when multiple
image frames are mosaicked to achieve regional coverage.

2.4. Image pre-processing and endmember selection

Image pre-processing for the unmixing was conducted in ENVI
(v. 5.0, Exelis Visual Information Solutions, Inc., McLean, VA). A
forward Minimum Noise Fraction transformation (MNF, Green
et al., 1988; Boardman and Kruse, 1994) was performed on each
image to reduce spectral noise in the data and focus the spectral
unmixing on the image information with most thematic content.
MNF is a linear transformation that produces a set of principal
component images ordered by decreasing signal quality. MNF di-
vides the original data into two parts: one part associated with
large eigenvalues and coherent eigenimages, and a complementary
part with near-unity eigenvalues and noise-dominated images
(Green et al., 1988; Boardman and Kruse, 1994). MNF bands were
evaluated through visual inspection of the MNF band images and
the resulting eigenvalue plots. Band images that appeared to be
spatially coherent were selected. Estimation of the break in slope of
the eigenvalue plot indicates a transition from bands containing
nd Estuary System, North Carolina (Back and Core Sounds). Site names are based on
MMN: Middle Marsh North; SS: Shackleford Shoal; BR: Bottle Run; HIH: Harker's Island
trics).



Fig. 2. Seagrass spatial patterns at six study sites located in Back and Core Sounds, North Carolina (2013 digital aerial imagery at 0.3 m resolution). The perimeters of visually
interpreted seagrass polygons are indicated in yellow. The dark brown areas within the boundaries of each polygon are seagrass. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
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data (eigenvalue greater than one) and those that are predomi-
nantly noise (eigenvalues less than one). Band images whose ei-
genvalues were above the break in slope (greater than one) were
selected to use in the unmixing along with the original red, green,
and blue spectral bands, resulting in final images with five or six
bands (R, G, B, MNF1, MNF2, and potentially MNF3), and thereby
increasing image dimensionality.

Endmembers weremanually identified in each individual image
based on in-situ mapping efforts conducted at the study sites in
summer 2013. Perimeters of existing seagrass patches located
within 100 � 50 m sample plots were physically traced using
differentially-corrected GPS (Trimble® GeoXH™, Trimble Naviga-
tion Ltd., Sunnyvale, CA). Given the high image resolution, avail-
ability of ground truth data, and results of a previous pilot study, we
were confident that a one single seagrass endmember (chosen per
individual image) was sufficient to characterize the spectral char-
acteristics of submerged seagrass (Fig. 3). One limitation of LSU is
that the number of endmembers used for classification cannot
exceed the number of image bands. Therefore, the range of spectral
variation in bare substrates in the images could not be accommo-
dated as multiple endmembers. The number of unique endmem-
bers used to characterize spectrally differing examples of bare
substrate varied among the images due to differences in sun glint
and sediment composition. In some instances bare substrate
composition was consistent throughout an image and easily rep-
resented by one endmember. In other cases, the remaining avail-
able endmembers were insufficient. In these situations,
endmembers were selected to represent bare substrate compo-
nents comprising the largest areal coverage in an image.

2.5. Linear spectral unmixing (LSU)

In LSU, the measured spectrum of a mixed pixel is decomposed
into its constituent spectra, or endmembers and a set of corre-
sponding image fractions that indicate the proportion of each
endmember present in the pixel are generated. Thus, vegetation
endmember fractions are proportional to the areal abundance of
projected canopy cover (Roberts et al., 1993; Williams and Hunt,
2002). LSU operates under the following assumptions (Settle and
Drake, 1993):

1) each endmember is known;
2) multiple scattering between the different endmembers is

negligible;



Fig. 3. Mean (±SD) digital number (DN) values for each image band (B:G:R) in each
seagrass endmember identified in the 2013 aerial imagery for each study site.
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3) endmembers are sufficiently spectrally contrasted so as to allow
separation; and

4) a pixel is a linear combination of its constituent endmembers.

Unmixing algorithms are commonly based on variants of the
linear mixture model:

Rx ¼
Xn
i¼1

axifi þ εx;

where Rx ¼ the reflectance of a given pixel in the xth of z spectral
bands, n ¼ the number of mixture components (i.e., cover types),
fi ¼ the fractional component of endmember i, axi ¼ the reflectance
of endmember i in spectral band x, and Ɛx ¼ the error at spectral
band x. LSU is subject to two constraints on f: the nonnegativity
condition and the full additivity condition. To be physically mean-
ingful, all image fractions must be nonnegative (0 � fi � 1), and to
account for the entire image composition, the image fractions must
sum to unity (f1 þ f2 þ … fi ¼ 1).

LSU was performed on the 5- or 6-band images using a unit sum
constraint. Undershoots (negative proportions) and overshoots
(superunity proportions) are common in unmixed fraction images
due to imperfect endmembers (sensu Mather, 1999; Duran and
Petrou, 2009). Close inspection of the fraction images revealed
that only a small percentage of pixels exhibited superunity; how-
ever, negative fraction values occurred frequently, predominantly
in areas of high root mean square error (RMS) that coincided with
unvegetated substrates having very high reflectance, likely a result
of the combination of water depth (near exposure) and sediment
composition (coarse sand). As these areas were not of interest in
the study, all bands were truncated using band math so that any
negative values were assigned to be zero (Brandt and Townsend,
2006). The bands were then rescaled by dividing by the largest
fraction value so that all endmembers for a pixel summed to unity
(Brandt and Townsend, 2006).

2.6. Pixel proportion threshold approach

We used a threshold approach (Arnot et al., 2004; Frazier and
Wang, 2011) to transform the sub-pixel seagrass fraction plane
data into a discrete format. Statistics generated from the seagrass
fraction plane were used to build masks (selected areas ¼ “on”) by
grouping pixels with values greater than or equal to the threshold.
The initial mask (proportion ¼ 0) included all pixels containing
seagrass, no matter the pixel proportion (i.e., no threshold). Sub-
sequent masks were generated in 0.1 increments of seagrass pro-
portion from the unmixed seagrass fraction planes. The individual
mask layers (seagrass maps generated by unmixing) were exported
to ArcMap™ as rasters for construction of error matrices.

2.7. Accuracy assessment

Thematic accuracy of seagrass presence/absence was evaluated
using an error matrix generated for each 0.1 proportion increment
from the unmixing procedure, by individual site as well as for all
sites combined. The matrix evaluated the ability of unmixing to
distinguish seagrass elements versus non-seagrass elements (sub-
strate). Given the binary nature of the resulting classified maps, the
appropriate sample size for assessing thematic accuracy was
derived from the formula for binomial probabilities as suggested by
Fitzpatrick-Lins (1981):

N ¼ Z2ðpÞðqÞ
E2

where p is the expected percent accuracy of the entire map,
q ¼ 100- p, E is the allowable error, and Z ¼ 2 from the standard
normal deviate of 1.96 for the 95% two-sided confidence level. Here,
we set expected accuracy to 85%, which is a commonly accepted
overall thematic accuracy target (Thomlinson et al., 1999; Jensen,
2005; Congalton and Green, 2009).

Therefore, with an expected accuracy of 85% at an allowable
error rate of 5%, and rounding up to ensure an equal number of
samples in each class, the formula indicated that a minimum of 204
reference points were necessary for a reliable error matrix (102 for
each class).

Field data for accuracy assessment were collected JuneeSep-
tember 2013. At each of the six sites, the outline of every seagrass
patch present within one 100 � 50 m plot per site was traced using
the differentially-corrected GPS. Perimeters were delineated irre-
spective of proportion of seagrass, meaning that all patches con-
tained seagrass, but percent cover was not recorded within
individual patches. Using ArcMap™ (v. 10.2.1), stratified random
reference points for seagrass (25) and sand (25) were generated
fromwithin the boundaries of the 100 � 50 m plots. The remaining
reference points (75 for each class) were randomly distributed
within the larger boundary of the associated manually digitized
seagrass site polygon.

2.8. Classifier performance

The performance of the LSU classifier was evaluated using two
criteria: the Kappa statistic (bK ) and the Area Under the Curve (AUC).
Both methods assess whether the LSU classifier performed better
than a random classification.

2.8.1. Kappa statistic (bK)
Kappa (bK ) was computed for each error matrix following the

procedure of Congalton et al. (1983) using PROC FREQ in SAS® (v.
9.4, SAS Institute Inc., Cary, NC). bK is a measure of how well a
classification agrees with reference data. Values for bK range
between �1 and 1 but positive values are expected because the
classification and the reference data are positively correlated. As a
rule of thumb, strong agreement between the classifier and the
reference data is indicated by bK > 0.80 while moderate agreement
is indicated by bK in the range 0.40e0.80 (Landis and Koch, 1977). Z
statistics were used to determine if the LSU classifier performed
better than a random classification (i.e., bK significantly greater than
zero).
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2.8.2. Area Under the Curve (AUC)
Receiver Operating Characteristic (ROC) curve analysis was

conducted using PROC LOGISTIC in SAS® to evaluate the perfor-
mance of the LSU classifier as the pixel proportion of seagrass was
varied. A ROC curve is a plot of sensitivity (true positive rate) versus
1 minus specificity (false positive rate) for all pixel proportions and
describes the tradeoffs between the accurate detection and false
detection of seagrass. An optimum classification model would be
one with the highest possible value of sensitivity and specificity,
minimizing omission and commission errors at the same time. The
chance performance of a model lies on the positive diagonal of a
ROC plot, whereas models that out-perform chance follow a curve
lying in the upper left half. Therefore, pixel proportions appearing
on the left-hand side of an ROC curve, near the x-axis may be
thought of as “conservative” where positive classifications are
made only with strong evidence, so few false positive errors are
made, but true positive rates are low as well. Pixel proportions on
the upper right-hand side of an ROC curve may be thought of as
“liberal” where positive classifications are made with weak evi-
dence, so nearly all positives are classified correctly but false pos-
itive rates are high as well. Individual ROC curves were generated
for each study site as well as a combined curve using data summed
across the sites.

The overall performance of LSU at all pixel proportions for in-
dividual sites and for all sites combined was assessed using PROC
FREQ in SAS® to determine the total area under the ROC curve
(AUC). AUC ranges from 0.5 to 1.0 where 0.5 represents the positive
diagonal and is indicative of a classifier that performs no better
than random. Higher values of the AUC indicate better classifier
performance where 1.0 indicates a perfect classification.

2.9. Seagrass map thematic accuracy

Overall thematic accuracy was computed for each error matrix
in addition to errors of commission and omission, producer's ac-
curacy, and user's accuracy (Story and Congalton, 1986). Our overall
thematic accuracy target was set to 85%, which is a commonly
accepted target in the literature (Thomlinson et al., 1999; Jensen,
2005; Congalton and Green, 2009).

2.10. Optimal pixel proportion

To evaluate the optimal pixel proportion, or the proportion that
would make the resulting seagrass prediction as close to a perfect
predictor as possible, we calculated the Euclidean distance (d) be-
tween the specificity (x) and sensitivity (y) pair for each pixel
proportion threshold on the ROC curve and the (x,y) coordinate for
a perfect classification (0, 1) as:

d ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðx1�x2Þ2 þ ðy1�y2Þ2

q

where (x1, y1) is the perfect classification pair of (0,1) and (x2,y2) is
the specificity and sensitivity pair for the pixel proportion under
evaluation. Euclidean distances across pixel proportion thresholds
were then compared; the optimal pixel proportion was that pro-
portion having the shortest Euclidean distance.

2.11. Seagrass area comparison

The area of seagrass within each seagrass fraction plane
threshold was calculated by summing the total number of seagrass
pixels within each fraction plane and multiplying by the pixel area
(here, 0.09 m2). Areas of the manually digitized polygons were
calculated in ArcMap™.
We anticipated a priori that the calculated area of seagrass
classified from within the manually mapped polygon would
decrease as pixel proportion increased (became more restrictive).
In addition, the data violated assumptions of normality and ho-
mogeneity of variance. Therefore, Page's (1963) nonparametric
trend test (Conover, 1999) followed by post hoc comparisons (Ipe,
1987) using the Bonferroni adjustment for multiple comparisons
were performed using PROC GLM in SAS® to compare differences in
seagrass area between each pixel proportion threshold and the
total area of the manually mapped polygon.

3. Results

3.1. Classifier performance

The linear spectral unmixing (LSU) classifier performed better
than a random classification for all pixel proportions (all bK signif-
icant at p < 0.0001; all AUC significant at p¼ 0.05; Table 1; Fig. 4). bK
ranged from 0.72 to 98 (combined sites: 0.75) indicating moderate
to strong agreement between reference data and the LSU classifier.
AUC was high ranging from 0.80 to 0.99 (combined sites: 0.87),
indicating that � 80% of randomly chosen pairs of pixels (one
seagrass, one sand) would be correctly classified by the unmixing
classifier (Table 1; Fig. 4).

3.2. Seagrass map thematic accuracy

For all sites, the seagrass map with highest overall thematic
accuracy as generated using LSU, exceeded the 85% accuracy target
(Table 1). The pixel proportion producing the highest accuracy site
map varied among sites (Table 1; Fig. 5). Highest overall accuracy
ranged from 86.3 to 99% across the sites (combined sites: 87.7%)
and corresponded to pixel proportions ranging from 0 to 0.5
(combined sites: 0.1; Table 1). Combined confusion matrix data
yielded highest accuracy at a pixel proportion of 0.1 (Table 1; Fig. 5).

3.3. Optimal pixel proportion

Optimal pixel proportions determined using Euclidean distance
calculations varied across the six sites, ranging from 0.2 to 0.6, and
were not the same pixel proportions as those having the highest
overall thematic accuracy (Table 1; Figs. 4e6). The combined site
data resulted in an optimal pixel proportion of 0.4 (Table 1; Fig. 4.).
Consultationwith the original confusion matrix revealed that these
optimal pixel proportions were associated with lower overall ac-
curacies and lower bK (Table 1; Figs. 4e6). Overall accuracies for the
optimal pixel proportions at each site ranged from 62.7 to 92.6%
(combined sites: 66.3%) and kappa values ranged from 0.25 to 0.85
(combined sites: 0.25; Table 1).

3.4. Seagrass area comparison

Estimates of seagrass area from maps based on the pixel pro-
portion yielding the highest overall thematic accuracy were 2e94%
lower than the area of the corresponding manually delineated
polygon (Table 1). The area classified as seagrass via LSU declined
linearly with increasing pixel proportion; all cross-proportion
comparisons were significantly different from one another and
from the manually delineated polygon (Supplemental Data 2;
p ¼ 0.05 for all comparisons).

4. Discussion

Our study directly addresses limitations associated with estab-
lished photointerpretation methods for mapping seagrass extent,



Table 1
Optimal pixel proportion, overall thematic accuracy, Kappa statistics (bK ), Area Under the Curve (AUC), and % decrease in area classified as seagrass (when compared to the
corresponding manually delineated polygon) by site as determined using highest overall accuracy and Euclidean distance. “.” indicates wheremetric calculation is not possible
given the selection criterion under evaluation.

Site Pixel proportion Overall thematic Accuracy bK AUC % Decrease in Seagrass Area

Based on Euclidean distance from ROC curves
HIB 0.3 62.7 0.25 0.97 46.8
MMN 0.4 75.5 0.50 0.93 60.0
NRH 0.4 71.1 0.42 0.95 96.0
HIH 0.2 68.6 0.37 0.99 98.4
BR 0.3 74.0 0.48 0.99 98.5
SS 0.6 92.6 0.85 0.80 96.3
COMBINED 0.4 66.3 0.25 0.87 .

Based on highest thematic accuracy from error matrices
HIB 0 89.7 0.79 . 2.1
MMN 0.2 86.3 0.72 . 41.3
NRH 0.2 88.2 0.76 . 91.5
HIH 0.1 97.1 0.94 . 93.7
BR 0.1 99.0 0.98 . 90.2
SS 0.5 93.6 0.87 . 94.0
COMBINED 0.1 87.7 0.75 . .

Fig. 4. Receiver Operating Characteristic (ROC) curves for the classification of seagrass at six study sites. The diagonal line represents a model with no predictive ability (AUC ¼ 0.5).
Individual points on the curve represent thresholds of seagrass pixel proportion in increments of 0.1 beginning with all proportions of seagrass included (no threshold) and ending
with only those pixels containing 100% seagrass (threshold of 1.0). ROC curves for individual sites are indicated by open circles while curves generated using combined site data are
indicated by filled circles. Red boxes denote the optimal pixel proportion threshold as suggested by Euclidean distance calculations. (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.).
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in particular the inability to assess spatial configuration or to
quantify actual area occupied by seagrass in patchy seascapes. We
have demonstrated that linear spectral unmixing (LSU) effectively
classified seagrass and performed better than a random classifica-
tion as indicated by high (and significant) values for both Kappa
statistics (0.72e98) and Area Under the Curve (0.80e0.99). LSU
effectively distinguished between seagrass and bare substrate
resulting in fine-scale seagrass maps with overall thematic accu-
racies that exceeded our expected accuracy target of 85% (range:
86.3e99.0%). By identifying small, individual seagrass patches and
eliminating bare substrate fromwithin the boundaries of manually
mapped seagrass polygons, the LSU classifier effectively improved
seagrass maps, moving beyond ‘seagrass habitat’ extent and
allowing for estimation of actual seagrass area. Moreover, our
results revealed that if LSU were not applied and manually mapped
seagrass habitat extent were considered equivalent to the actual
area of seagrass occupation (as has been done in the past), area
would be greatly overestimated by anywhere from 70 to 1572% in
patchy seagrass seascapes.

Linking landscape pattern and process requires an under-
standing of both the spatial and temporal dynamics of that pattern
to develop a sense of what is typical at a given location (Gustafson,
1998). Seagrass maps generated from unmixing provide the data
necessary to characterize fine-grained spatial pattern using land-
scape configuration metrics (e.g., McGarigal and Ene, 2013), a key
step in building a predictable and ultimately, causal relationship
between pattern and process. Not unlike terrestrial systems, the
spatially heterogeneous nature of seagrass seascapes influences a



Fig. 5. Seagrass fraction planes generated from linear spectral unmixing for three representative sites: continuous seagrass (HIB); elongated seagrass patches grading into a
continuous bed (MMN); small widely-dispersed patches (SS). Polygons in the top row were manually delineated via visual photointerpretation. In the middle row, the photo
interpreted seagrass polygon is overlain with the optimal pixel proportion layer as suggested by highest overall thematic accuracy for the combined data. In the bottom panel, the
photo interpreted seagrass polygon is overlain with the optimal pixel proportion as suggested by highest overall thematic accuracy within an individual site. Red-colored pixels are
those pixels classified as seagrass by the linear spectral unmixing procedure. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.).

Fig. 6. Seagrass fraction planes generated from linear spectral unmixing for three representative sites: continuous seagrass (HIB); elongated seagrass patches grading into a
continuous bed (MMN); small widely-dispersed patches (SS). Polygons in the top row were manually delineated via visual photointerpretation. In the middle row, the photo
interpreted seagrass polygon is overlain with the optimal pixel proportion layer as suggested by Euclidean distance for the combined data. In the bottom panel, the photo
interpreted seagrass polygon is overlain with the optimal pixel proportion as suggested by Euclidean distance within an individual site. Red-colored pixels are those pixels classified
as seagrass by the linear spectral unmixing procedure. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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number of biological and physical functions, including the
 distribution of organisms, bioturbation rates, and sediment erosion
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and deposition, which may be altered if spatial configuration is
modified (Townsend and Fonseca, 1998; Turner et al., 1999;
Peterson et al., 2001; Folkard, 2005; Bostr€om et al., 2006, 2011).
Changes in the configuration of a seagrass seascape over space and
time may also affect ecosystem resilience (sensu Holling's ‘ecolog-
ical resilience’, 1973, 1996) and pattern-based spatial indicators
have been suggested for identifying a system on approach to a
critical transition (e.g., observed changes in patch-size distributions
as vegetation shifts from continuous to patchy to bare substrate;
K�efi et al., 2014). The unmixing technique may be applied to
available historical imagery to characterize seagrass pattern on
temporal scales, determine change, and establish historical range of
variability (Swetnam et al., 1999; Keane et al., 2009). Knowing the
historical range of variability for seagrass pattern enables assess-
ment of whether present day seagrass seascape configuration is
within the historical range or represents an outlier seascape
configuration that may indicate the beginnings of a regime shift to
an unvegetated state (sensu Scheffer and Carpenter, 2003; Kefí
et al., 2014). Additionally, knowledge of the historical range of
variability with regard to seagrass seascape pattern can also help
establish realistic restoration project goals and guide appropriate
spatial configurations for restoration (Bell et al., 1997; Fonseca et al.,
1998).

Seagrass maps generated from LSU facilitate estimates of actual
seagrass acreage providing fishery managers with improved in-
ventories of the amount of seagrass vegetation available for utili-
zation by a diverse assemblage of species having ecological,
recreational, and commercial importance. Faunal density and
number of species are significantly higher in seagrass compared to
unvegetated substrate (Heck et al., 2003 and references therein).
This increased abundance includes a number of important fishery
species that access seagrass at some stage of their life cycle as a
nursery, feeding, or spawning area or shelter from predation
(Thayer et al., 1984; Jackson et al., 2001; Heck et al., 2003). Sea-
grasses have also been reported to contribute disproportionately to
the total annual landings value of some commercial fisheries
(Jackson et al., 2015). These authors found that seagrass-associated
species in the Mediterranean contributed 35% to the total landings
value of commercial fisheries (CVF). When seagrass residence time
for each fishery species was indexed and applied, four of 35% of CVF
was directly attributed to the presence of seagrass, despite seagrass
covering only 2% of the Mediterranean seafloor (Jackson et al.,
2015). Thus, accurate inventories of seagrass acreage are funda-
mental in determining the direct contribution of seagrass to fish-
eries production as well as the potential loss of production due to
seagrass decline.

The potential for using spectral data from aerial images for
seagrass classification and mapping has been demonstrated in a
number of studies and the high overall accuracies achieved in this
study are comparable to those reported elsewhere using alternative
approaches (Supplemental Data 1). Unfortunately, only half of the
identified studies reported overall thematic accuracy. The
remainder either provided no accuracy assessment or derived a
metric unique to the study. This lack of standardization in accuracy
reporting (or no reporting at all) is a common issue in the classi-
fication of remotely sensed data and limits operational application
and comparative analysis (Congalton, 1991; Foody, 2002). None of
these other studies utilized LSU, precluding direct comparisonwith
our findings. However, an emerging theme across all studies is the
opportunistic nature of seagrass mapping efforts, a result of spatial
and temporal limitations in many regional image data sets likely
due to a lack of sustained monitoring programs oftentimes driven
by the cost associated with acquiring images. This lack of consis-
tent, comparative information poses a challenge for resource
managers who must weigh the trade-offs between working with
potentially suboptimal data versus foregoing efforts to map/in-
ventory the local seagrass resource. Taken together, these studies
suggest that there is no universally applicable classification scheme
for seagrass; selection of a classifier is ultimately dictated by several
factors. These factors include the locale under study (i.e., seagrass
spatial configuration, water clarity, sediment composition), avail-
ability of imagery (temporal and spatial limitations), type and
quality of available imagery (i.e., high versus low resolution, aerial
versus multi- or hyperspectral, presence of sun glint), software
accessibility, technical support, and the specific survey questions
being addressed (i.e., extent, spatial pattern, change detection).

Some elements of image interpretation such as texture (char-
acteristic placement and arrangement of repetitions of tone or
color), situation (how image features are organized and oriented
relative to one another) and association (related features or phe-
nomena are present) cannot be consistently programmed and
automated (Jensen, 2006). Therefore, accurate habitat classification
necessitates some level of visual evaluation (Finkbeiner et al., 2001;
Meehan et al., 2005; Lathrop et al., 2006; Field, 2007; Fletcher et al.,
2009; Young et al., 2010). The ability to visually identify and mask
unwanted image features such as deep water channels, land,
anthropogenic features (i.e., docks) and to constrain the LSU clas-
sifier to polygons of known seagrass habitat were key steps in our
analysis in order to avoid classification error; such constraints have
been recognized by others as essential for effectively mapping
patchy seagrass (Green and Lopez, 2007).

Among sites, the seagrass proportion that yielded the most ac-
curate classification differed between the Euclidean distance (ROC
curve) and confusion matrix approaches due to differences in how
the metrics are calculated. In contrast to counts of true/false posi-
tives/negatives as in a confusionmatrix, ROC curve analysis is based
on calculation of the predicted probabilities of an event occurring
(seagrass being present) for each pixel proportion. Therefore, final
selection of an optimal pixel proportion for the classification of
seagrass required analyst knowledge of the system, i.e. what is a
reasonable amount of seagrass that would constitute a “true posi-
tive”. Final selection of an optimal pixel proportion also represents
tradeoffs among overall thematic accuracy and the costs of failing
to detect positives against the costs of falsely classifying a location
as seagrass. Articulation of the analyst's designation of a “true
positive” is another challenge for achieving among-project
consistency.

Ground truth or validation data may not be accessible or
attainable for every image frame or mapped polygon in a classifi-
cation analysis of aerial imagery. Absence of such data limits
determination of optimum pixel proportion. By merging confusion
matrix data from the six sites, we provided a best compromise pixel
proportion for situations when robust validation data are not
available. However, final selection of an optimal pixel proportion
would require visual evaluation by the analyst as the optimal pixel
proportion chosen within a geographic area will vary depending
upon which selection method is used (ROC Euclidean distance
versus highest overall accuracy). Similarly, the proportion of sea-
grass with best performance (highest overall accuracy) differed
among sites depending upon which selection criterion was used.
Multiple, parallel flight lines with end-lap and side-lap of individ-
ual frames are required to provide full coverage of the Albemarle-
Pamlico Sound Estuary System. As a result, individual frames may
experience slight variations in sun angle and hence, sun glint, as an
overflight progresses. Glint is minimized when standard acquisi-
tion protocols are followed [i.e., wind speed (0e8 kph), sun angle
(30e45�); Ferguson et al., 1993; Dobson et al., 1995; Finkbeiner
et al., 2001] and sun glint did not appear to be an issue in the
2013 imagery. Constraining our analysis to areas of known seagrass
presence further limited the potential inclusion of glint by reducing
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the total amount of image area used in the analysis, including areas
over open water where glint is most pervasive. Most of our study
sites were not co-located within image frames and the position of
study sites within a single frame (proximity to frame edge) varied.
Therefore, subtle spectral differences among sites with corre-
sponding differences in optimal pixel proportion are not surprising.

Changes in water depth during image acquisition may also in-
fluence the classification of seagrass from aerial imagery. When
acquiring aerial imagery for seagrass classification, published
criteria for tidal stage recommend that overflights should occur
within 2 h of the lowest predicted tide, thus reducing both water
column thickness and associated errors due to scattering (Ferguson
et al., 1993; Dobson et al., 1995; Finkbeiner et al., 2001). Still, dif-
ferences in tide stage occur within the course of a single overflight,
creating the potential for differences in bottom reflectance due to
variable water depth among image frames and hence across sites.
Water column correction techniques have been used to allow depth
invariant processing of imagery (e.g., Lyzenga, 1978, 1981) and may
improve estimates of bottom reflectance and hence classification
accuracy in shallow-water marine systems Zoffoli et al. (2014).
However, depth invariant corrections require that the same benthic
habitat occur over a wide range of depth and the associated algo-
rithms rely on subtracting a deepwater value from each pixel. These
corrections are poorly suited for the shallow seagrass meadows of
North Carolina where seagrass does not occur below 2 m depth
(maxwater depth for sites used in this study: 1.3m). Thus, although
a shallow-water layer may remain over some sites at low tide,
water column scattering or differences in bottom reflectance due to
variable depth were presumed negligible and undeserving of depth
invariant processing (Mount, 2006; Zhang et al., 2013). In fact, for
shallow (0e3 m) temperate seagrass habitats in Tasmania, Mount
(2006) observed sand to be readily distinguishable from sub-
merged aquatic vegetation whether depth correction was applied
or not and depth-corrected imagery “produced no discernible
improvement in the accuracy of the SAV density maps.”

Sediment composition and associated differences in spectral
reflectance may also influence the classification of seagrass from
aerial imagery. Here, sediment composition at patchy sites con-
sisted of a greater proportion of coarse sand versus silt/clay than
sites with larger more elongate patches or continuous seagrass
cover (Fonseca and Bell, 1998). Coarse sand has a higher bottom
reflectance than silt/clay sediments and seagrass (Maritorena et al.,
1994; Werdell and Roesler, 2003). Although we did not attempt to
distinguish among sediment constituents, differences in bottom
reflectance, and hence optimum pixel proportions across sites, may
also be related to variations in sediment texture.

In North Carolina, environmental conditions (e.g., wind speed,
cloud cover) meeting standard acquisition requirements for aerial
imagery typically occur during the spring (late April to early June)
before the onset of summer haze, increased water column turbidity
associated with runoff, and the potential for tropical cyclone ac-
tivity all of which can interfere with image quality. This timing
coincides with peak seasonal biomass of subtidal Zostera marina,
one of the two co-dominant seagrass species in the Albemarle-
Pamlico Sound Estuary System (Kenworthy, 1981).
Halodule wrightii occurs as monospecific beds in the intertidal but
often mixes with eelgrass in deeper water, peaking in late summer
and fall and contributing substantially to total plant biomass
(Kenworthy, 1981). Consequently, continuous seagrass cover is
achieved throughout most of the year in the Albemarle-Pamlico
Sound Estuary System. From a resource mapping perspective, the
choice of season in which to conduct imagery acquisition repre-
sents a trade-off between obtaining the best possible quality im-
agery in a given year versus accurately capturing the seasonal
maximum of a given species.
5. Conclusion

Seagrass mapping efforts are often opportunistic and are
dependent on the spatial and temporal availability of imagery
across regions. Moreover, there is no universally-applicable classi-
fication technique for seagrass. As a result, some analyst interpre-
tation of high-resolution imagery will almost always be needed to
select unique training areas in different images to account for
spectral differences due to sun angle and tides. Ultimately, selection
of a classifier is dictated by several factors including environmental
parameters, availability of imagery, type and quality of imagery,
software accessibility, technical support, and the specific survey
questions being addressed.

Although coarse polygon data describing seagrass distribution
exist for many estuarine areas, these are rarely sufficient to accu-
rately characterize seagrass acreage or spatial pattern, as illustrated
by our results indicating potentially large overestimations of sea-
grass areawhenmaps are generated using photointerpretation. We
demonstrate that a semi-automated linear spectral unmixing
classifier can substantively improve seagrass mapping in shallow
waters of the Albemarle-Pamlico Sound Estuary System in North
Carolina by correctly identifying small seagrass patches, thus
providing spatially resolved maps suitable for analysis of seagrass
spatial configuration and estimation of seagrass acreage. A key step
in the procedure reported here was the masking of unwanted im-
age features by using existing mapped polygons to constrain the
classifier to known areas of seagrass habitat.

Our approach will likely be useful in other estuarine systems
where seagrass distribution is depth-limited (i.e., shallow) and the
seascape is composed of a mixture of highly contrasted cover types
(i.e., seagrass versus sand). In particular, the mapping of seagrass
pixel proportions using unmixing will facilitate using ROC curves
and confusion matrices to determine appropriate levels of pro-
portional cover, correctly distinguishing locations of seagrass cover
from areas where it is absent.
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