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Abstract: Invasive plant species are an increasing worldwide threat both ecologically and finan-
cially. Knowing the location of these invasive plant infestations is the first step in their control.
Surveying for invasive Phragmites australis is particularly challenging due to limited accessibility in
wetland environments. Unoccupied aircraft systems (UAS) are a popular choice for invasive species
management due to their ability to survey challenging environments and their high spatial and
temporal resolution. This study tested the utility of three-band (i.e., red, green, and blue; RGB) UAS
imagery for mapping Phragmites in the St. Louis River Estuary in Minnesota, U.S.A. and Saginaw
Bay in Michigan, U.S.A. Iterative object-based image analysis techniques were used to identify two
classes, Phragmites and Not Phragmites. Additionally, the effectiveness of canopy height models
(CHMs) created from two data types, UAS imagery and commercial satellite stereo retrievals, and
the RADARSAT-2 horizontal-horizontal (HH) polarization were tested for Phragmites identification.
The highest overall classification accuracy of 90% was achieved when pairing the UAS imagery with
a UAS-derived CHM. Producer’s accuracy for the Phragmites class ranged from 3 to 76%, and the
user’s accuracies were above 90%. The Not Phragmites class had user’s and producer’s accuracies
above 88%. Inclusion of the RADARSAT-2 HH polarization caused a slight reduction in classification
accuracy. Commercial satellite stereo retrievals increased commission errors due to decreased spatial
resolution and vertical accuracy. The lowest classification accuracy was seen when using only the
RGB UAS imagery. UAS are promising for Phragmites identification, but the imagery should be used
in conjunction with a CHM.

Keywords: Phragmites australis; UAS; invasive species; object-based classification; OBIA

1. Introduction

Invasive species are a global problem with many negative impacts. An estimated
USD 120 billion in damage is done annually by these species in the United States alone [1].
Phragmites australis (Cav.) Trin. Ex Steud. ssp. australis (hereafter Phragmites) is an invasive
plant that has impaired wetlands, shorelines, and roadsides in the Great Lakes region
and across much of the United States. It is a perennial grass that grows in a range of
habitats from aquatic to terrestrial. Phragmites was originally introduced to the United
States in the form of contaminated ballast material in the 18th or 19th centuries [2]. The
regulatory status of Phragmites varies from state to state. In the state of Michigan, Phragmites
is listed as a restricted plant [3], while in the state of Minnesota, its status was recently
changed from a restricted noxious weed to a prohibited control species [4]. In Minnesota,
restricted noxious weeds are plants whose importation, sale, and transportation are illegal.
Prohibited control species share the same legalities with restricted noxious weeds for
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preventing spread; however, these species are legally required to be controlled by removing
established populations.

Phragmites grows rapidly with the potential to reach up to 5 m tall. After becoming
established, Phragmites quickly forms dense monotypic stands by using aerial seed dispersal
and extensive networks of rhizomes. Phragmites can quickly become the dominant species
in invaded areas due to fast growth rates [5], salinity tolerance [6], and by taking advantage
of anthropogenic impacts to wetlands [7]. Examples of anthropogenic impacts include:
removal of vegetation, soil removal or deposition, fragmentation, and pollutant runoff. Once
established, this plant has the ability to alter hydrology [8], change nutrient cycles [9–11],
and ultimately lead to a loss of biodiversity [12,13]. Minnesota also has populations of a
native Phragmites genotype (Phragmites australis Trin. Ex. Steud. ssp. americanus Saltonst., P.M.
Peterson and Soreng). In comparison, this native genotype does not exhibit the same growth
and aggressiveness as the invasive Phragmites genotype. Native Phragmites has a smaller
stature and generally does not form dense monotypic stands. Invasive Phragmites is spreading
quickly in Minnesota and will likely see an expansion of its distribution [14].

Successful management of invasive species, such as Phragmites, depends heavily on
knowing the location and extent of infestations. Physical mapping of invasive species,
in the form of in situ monitoring, may be costly and requires large amounts of time and
specialized equipment to access the locations of infestations. This, coupled with the inter-
and-intra annual changes in distributions, leads to challenges for land managers attempting
to control these pests. Current knowledge of Phragmites locations in Minnesota has been
dependent on in situ monitoring. Individuals have reported Phragmites throughout the
state through the Early Detection and Distribution Mapping System (EDDMapS) [15].
Although a remarkable resource, large-scale in situ mapping efforts cannot be completed
quickly enough to track the changing distribution of Phragmites. Moreover, these survey
methods may be hindered by a lack of access to private lands, physical inaccessibility of
remote locations, and individuals unwilling to report locations.

Remote sensing has the potential to identify Phragmites over large areas without
the requirement of extensive fieldwork. Satellites are collecting swaths of imagery daily,
which can be acquired at minimal cost due to increased platform accessibility (Landsat or
Sentinel) or through affiliations (university, federal, etc.). Occupied aircraft and unoccupied
aircraft systems (UAS) are other often-used remote sensing technologies for conservation
purposes [16–18]. Although occupied aircraft and UAS require upfront costs, such as
equipment purchases or contractual services, and often lack the spectral resolution found
in satellite-based platforms, they allow for spatial resolutions of less than 10 cm and flexible
data acquisition. Each of these data have trade-offs between spatial, spectral, and temporal
resolutions [19–21]. Research is needed to assess the different data and classification
methods for remote sensing to be a viable tool for Phragmites detection.

Recent research has tested the use of remote sensing data for species identification.
Hyperspectral sensors have been used to identify different vegetation types [22–24], includ-
ing Phragmites [25]. Pengra et al. (2007) [25] used the EO-1 Hyperion hyperspectral sensor
to identify Phragmites. It was noted that the moderate spatial resolution of the Hyperion
sensor (30 m) hindered the identification of linear patches of Phragmites due to mixing of
vegetation types within a pixel. Bourgeau-Chavez et al. (2013) [26] used a similar spatial
resolution (20–30 m PALSAR and Landsat). They utilized backscatter intensities from
multiple acquisitions of synthetic aperture radar (SAR) imagery to identify Phragmites with
high producer’s accuracies. SAR has been used extensively for vegetation identification
and monitoring [27–32] because the backscattered energy is indicative of the geometric
and dielectric properties of surface features [33]. Spaceborne sensors with higher spatial
resolutions have also been studied for wetland and species mapping [34–40]. Laba et al.
(2008) [39] reported consistently high accuracies for identifying Phragmites using QuickBird
imagery and a maximum-likelihood classifier. They attributed the monotypic nature of
Phragmites and the resulting consistent spectral values for accuracies of above 70%. Another
study used an object-based classification approach with WorldView-2 imagery to achieve
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classification accuracies of Phragmites above 90% [40]. The high accuracies seen when
using high-resolution satellite imagery for mapping invasive species has been validated by
others [41–43].

To date, there are multiple satellite platforms that offer spatial resolutions higher than
two meters. However, some researchers have expressed the need for even higher spatial
resolutions for tracking plant invasions [44,45]. In that regard, UAS have gained popu-
larity as a tool for invasive species detection due to high spatial and temporal resolution,
relatively low cost, and their ability to survey locations quickly. Many have explored the
use of UAS for identifying and monitoring invasive Phragmites [46–48]. Samiappan et al.
(2017) [46] indicated that a maximum likelihood classifier with the use of textural algo-
rithms could identify Phragmites from UAS imagery with average accuracies above 85%.
The use of texture to identify Phragmites from UAS imagery has been studied by others.
Abeysinghe et al. (2019) [47] used image texture, normalized difference vegetation index
(NDVI), and a canopy height model (CHM) to identify Phragmites within an estuary in
Lake Erie. They noted the importance of using a CHM to identify Phragmites. Phragmites
is taller than most wetland vegetation, and others have demonstrated the importance of
using height for vegetation classification [49]. After patches had been identified, Tóth
(2018) [48] demonstrated the potential for tracking and monitoring changes in distribution
through the use of NDVI.

This study aimed to explore the capability of UAS for identifying Phragmites in Min-
nesota and Michigan using object-based image analysis. The impact of incorporating a
CHM and SAR imagery within the classification was also explored. In this text, a CHM is
used interchangeably with a normalized digital surface model (nDSM), and it is created by
subtracting a digital elevation model (DEM) from a digital surface model (DSM). CHMs
can be derived from lidar, SAR, and optical imagery. This study examined the use of
both UAS-derived CHMs and stereo satellite-derived CHMs. We aimed to determine the
effect of CHMs and SAR backscatter when identifying Phragmites from UAS imagery. The
objectives of this study were: (i) determine whether Phragmites can be identified using
only the spectral and textural information from three-band (i.e., red, green, and blue; RGB)
UAS imagery; (ii) explore the effects of the addition of a canopy height model within the
classification, both UAS-derived and stereo satellite-derived; (iii) evaluate whether the
addition of SAR backscatter information improves the identification accuracy of Phragmites.

2. Materials and Methods
2.1. Study Area

Four Great Lakes coastal wetlands were used as study sites. Three study sites are
located in Minnesota, USA (Figure 1), and one study site is located in Michigan, USA
(Figure 2). Tallas Island (Figure 1A) is located roughly six miles southwest of Lake Superior
in the St. Louis River Estuary. This 90-acre area consists of Tallas Island, a smaller island,
and a portion of the Minnesota shoreline of the St. Louis River. Both islands are dominated
by forest and shrub canopy. Shallow marsh plant communities are present on the borders
of the islands and along the Minnesota shoreline. A road traverses the east–northeast edge
of the study area, but the area otherwise has minimal development.
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Figure 1. Study sites located in the St. Louis River Estuary in Duluth, Minnesota, USA: (A) Tallas
Island, (B) Grassy Point Park, and (C) Hallett Dock.

Figure 2. Study site located in Saginaw Bay, Michigan, USA.

Grassy Point Park (Figure 1B) is a 71-acre wetland complex located in Duluth, Min-
nesota along the St. Louis River. Grassy Point Park, located roughly four miles from
Lake Superior, is the point where Keene Creek meets the St. Louis River. Grassy Point is
heavily influenced by industrial land use. The park was the site of sawmilling operations
that dumped wood waste into the estuary during the 19th century [50]. Currently, the
complex is bordered by a railroad line, shipping channel, and a coal dock. Grassy Point
has six different plant communities within the basin, including: seasonally flooded basin,
shallow marsh, deep marsh, shallow open water, shrub swamp, and wooded swamp.
Within this basin there are known patches of Phragmites, Typha spp. (cattails), Alnus spp.
(alder), and other woody vegetation. Typha spp. is the most dominant vegetation type.
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Located approximately one mile northeast of Grassy Point Park is the second study
area, Hallett Dock (Figure 1C). Hallett Dock is a 101-acre wetland complex located within
the St. Louis River Estuary. A railway splits the complex in two, with both sections further
segmented by gravel roads. The Hallett Dock study area is bordered to the north by U.S.
Highway 35, a shipping dock to the northeast, and the St. Louis River to the south and
southeast. Five plant communities are present within this complex including: shallow open
water, seasonally flooded wetland, shallow marsh, hardwood wetland, and open water.

The final study area is located in Saginaw Bay, Michigan (Figure 2). The study area
consists of the Lake Huron shoreline and emergent vegetation extending out into Saginaw
Bay. Saginaw Bay has been an area of active Phragmites management in the Great Lakes
Basin. A majority of this study area is dominated by standing, dead Phragmites stems.
Vegetation on the shoreline is dominated by tree and shrub species. Non-Phragmites herba-
ceous vegetation has limited distribution within the study area and is mainly contained
to the forest–water boundary. All vegetation not on the shore was flooded during data
acquisition. The Saginaw Bay site was included due to minimal UAS acquisitions over
Phragmites in the St. Louis River Estuary. It provided another Great Lakes coastal wetland
testing location with environmental characteristics similar to those found near the three
Minnesota study sites.

Living patches of Phragmites are present in two of the four study areas (Figure 3). Three
patches of Phragmites exist within Grassy Point Park (Figure 3A). One patch is located in
the bottom center of the park, one patch is interspersed with alder trees at the end of the
canal, and the third is located along the shoreline of a basin in the northwest corner of the
park. The distribution of Phragmites within Grassy Point Park is contained to these three
patches. Saginaw Bay, although dominated by dead Phragmites, contains five patches of
living Phragmites (Figure 3B). There are no populations of Phragmites in either the Tallas
Island or Hallett Dock study areas. Both Tallas Island and Hallett Dock were selected to
test for commission errors.

Figure 3. Known patches of Phragmites within the (A) Grassy Point Park study site and (B) the
Saginaw Bay site. Three patches are present in Grassy Point Park, while five patches are present in
the Saginaw Bay study site.

2.2. Image Preprocessing
2.2.1. Optical Imagery

UAS imagery over Grassy Point Park was acquired on two separate dates (Table 1).
The first acquisition was completed by the Natural Resources Research Institute (NRRI) GIS
Lab of the University of Minnesota Duluth in August of 2017. A Canon PowerShot S110
was used on a senseFly eBee UAS at 117 m above ground level (AGL) to achieve a spatial
resolution of 4.2 cm. Images were collected using 70% endlap and sidelap. The University of
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Minnesota Remote Sensing and Geospatial Analysis Lab (UMN RSGAL) collected imagery
over all three Minnesota study areas in August of 2018. A Microdrones MD4-1000 UAS
equipped with a Sony A6300 camera was used to acquire images at roughly 121 m AGL.
An endlap of 85% and a sidelap of 65% was used for these image acquisitions. The Grassy
Point Park collection had a spatial resolution of 2.6 cm, the Hallett Dock collection had
a spatial resolution of 2.5 cm, and the Tallas Island collection had a spatial resolution of
2.6 cm. The Saginaw Bay study area was collected by the Michigan Technological Research
Institute (MTRI) in August of 2018 using a DJI Mavic Pro with the stock camera. Images
were acquired at about 100 m AGL with 70% endlap and sidelap, resulting in a spatial
resolution of 3.3 cm. Spectral resolution of each acquisition was limited to only the red,
green, and blue spectral bands. Physical ground control points were not used during any
acquisition. All UAS images were georeferenced, mosaicked, and a 3D point cloud was
created in Pix4Dmapper (v. 4.2.27) [51]. The derived UAS point clouds were cleaned using
rapidlasso LAStools (v. 170313) [52]. Noise points were removed using the lasnoise tool,
and all points below mean water level were dropped.

Table 1. Collection parameters for each flight.

Collection Parameters

Study
Area Year Vehicle Sensor Altitude Endlap Sidelap Resolution

Tallas Microdrone
Island 2018 MD4-1000 Sony A6300 121 m 85% 65% 2.6 cm

Canon
Grassy senseFly eBee PowerShot
Point Park 2017 S110 117 m 70% 70% 4.2 cm

Grassy Microdrone
Point Park 2018 MD4-1000 Sony A6300 121 m 85% 65% 2.6 cm

Hallett Microdrone
Dock 2018 MD4-1000 Sony A6300 121m 85% 65% 2.5 cm

Saginaw DJI Mavic Stock
Bay 2018 Pro Camera 100 m 70% 70% 3.3 cm

2.2.2. Lidar

Lidar ground elevation data were used for the creation of the CHMs. Minnesota
and Michigan have freely available lidar datasets accessible through OpenTopography
(https://opentopography.org/ (accessed on 1 September 2019)). The Grassy Point Park,
Hallett Dock, and Tallas Island study areas (St. Louis County, Minnesota, USA) were flown
in the fall of 2012. Phragmites was standing and robust during the time of fall acquisition.
The Saginaw Bay study site in Bay County, Michigan was flown in April of 2015. Despite
the collection occurring before the growing season, individual Phragmites plants were
still standing during the time of acquisition because Phragmites stems remain standing
year-round. Leaves were also present on the stems, but the density of vegetation was lower
than it is during peak growing season. Minnesota lidar elevations used the North American
Vertical Datum of 1988 (NAVD88) referencing Geoid09, while the Michigan lidar elevations
used NAVD88 referencing Geoid12b. After the removal of noise points, a DEM was created
for each study site using rapidlasso LAStools [52]. Classified ground points were used
exclusively for DEM creation except for Grassy Point Park. A vendor error misclassified
the ground points of the southeast island in Grassy Point Park as water. Points classified as
water were used in the creation of the Grassy Point Park DEM to correct for this error. The
resulting DEMs had a spatial resolution of 1 m.

https://opentopography.org/
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2.2.3. Synthetic Aperture Radar

Images from RADARSAT-2, a Canadian Space Agency sensor operating at a frequency
of 5.4 GHz, were used in this study. Selected images were collected over the Minnesota
study areas on 3 August 2017 and 8 August 2018 with incidence angles of 29.97 degrees. A
single image was acquired over the Saginaw Bay study area on 11 August 2018 with an
incidence angle of 25.42 degrees. Acquisitions were collected in the wide fine quad mode.
The images were radiometrically calibrated, speckle filtered using a 3 × 3 Lee filter [53],
converted to sigma naught (σ◦), and geometrically corrected. Final image resolution
was 9.45 m. The horizontal send–horizontal receive (HH) polarization was selected for
identifying Phragmites due to the stronger response of double-bounce scattering in flooded
vegetation [54,55]. All processing of the RADARSAT-2 imagery was completed using the
Sentinel-1 Toolbox (v. 6.0.6) [56] in the ESA Sentinel Application Platform (SNAP) (v. 6.0.7)
software [57].

2.2.4. Commercial Satellite Stereo Retrievals

Digital surface models (DSMs) were created by the University of Minnesota Polar
Geospatial Center from DigitalGlobe, Inc. imagery. The panchromatic bands of stereo
image pairs were processed using the surface extraction from TIN-based search-space
minimization (SETSM) algorithm [58]. The resulting DSMs had a spatial resolution of
50 cm. The selection of DSMs for this study was based on the acquisition date of the
underlying stereo images. Priority was given to DSMs created during the growing season
of the same year as the UAS imagery. Hallett Dock and Tallas Island used a single DSM
created from a stereo pair of WorldView-2 images collected on 27 August 2018. The Saginaw
Bay study area used a DSM created from a stereo pair of WorldView-2 images collected on
19 August 2018. No suitable stereo imagery was available for the 2017 UAS acquisition
over Grassy Point due to persistent cloud cover.

The SETSM algorithm outputs products in ellipsoidal height using the WGS84 el-
lipsoid. A transformation from ellipsoidal height to orthometric height was completed
using GDAL (v. 3.0.2) [59] to match the lidar. The DSM for Hallett Dock and Tallas Island
was then adjusted using published vertical geodetic monuments. A linear regression was
created between the geodetic monuments and the estimated DSM values. The regression
equation was applied to the transformed DSM through the Raster Calculator tool in ESRI’s
ArcMap 10.7 software [60]. Few published vertical geodetic monuments were present
around the Saginaw Bay study area. Instead, road points were selected from a lidar DEM
to be used in the linear regression.

2.2.5. UAS Point Cloud Adjustment

For the creation of CHMs, the UAS point clouds needed to be adjusted to match the
vertical reference system of the lidar. This adjustment was done in Pix4Dmapper [51]
through the use of manually digitized vertical control points. Easily discernible locations
that were selected in the UAS imagery had their elevation values gathered from the lidar-
derived DEMs. All selected vertical control points were over pavement, gravel, or bare
earth. However, floating debris was used in the Saginaw Bay study area due to minimal
bare earth coverage. Points identified through floating debris used an elevation of mean
water level. Five vertical control points were used for the Grassy Point acquisitions,
seven points were used for the Hallett Dock acquisition, six points were used for Tallas
Island acquisition, and six points were used for the Saginaw Bay acquisition. All points
were distributed around each wetland complex and manually identified in at least three
separate images.

Pix4Dmapper [51] has three options when defining a vertical coordinate system:
(1) Use one of three reference geoids (EGM1984, EGM1996, EGM2008); (2) specify a con-
stant geoid height above the WGS84 Ellipsoid; (3) an arbitrary vertical coordinate system.
Selecting the arbitrary vertical coordinate system results in Pix4Dmapper [51] adjusting the
vertical values of the point cloud to match the vertical values of the vertical control points.
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This approach allows for both the co-registration of the point cloud to the lidar DEM and
the adjustment of the point cloud to match the vertical coordinate system of the vertical
control points. In this case, the UAS point cloud was co-registered to the lidar DEM and
adjusted to NAVD88. Geoid09 was used for the Minnesota study sites, and Geoid12b was
used for the Michigan study site. DSMs were then created using rapidlasso LAStools [52].
The spatial resolution of each DSM matched the spatial resolution of the corresponding
optical imagery.

2.3. Classification

An object-based image analysis (OBIA) classifier was selected for this study. OBIA has
been used frequently for wetland mapping and invasive species identification [61–66]. This
classification approach has the advantage of incorporating shape, size, and contextual informa-
tion in addition to spectral and textural information, which produces better approximations
of real-world features [67,68]. Additionally, data inputs are not confined to use of the same
sensor or resolution. The ability to include multiple data types into object-based classifications
frequently results in higher mapping accuracy compared to pixel-based classifications [67,68].

Some researchers that have used OBIA for identifying vegetation performed one
segmentation, then allowed a machine-learning algorithm to classify the objects there-
after [18,47,63]. Doing so does not allow for the incorporation of contextual information
within the OBIA classification. Our process differs in that we used an iterative approach
without a machine-learning classifier to identify Phragmites. This means that objects
were merged and further segmented to delineate patch boundaries. Iterative approaches
allow for the inclusion of expert knowledge into the classifier as well as reducing over-
segmentation and under-segmentation of objects [69].

Classifications were completed using the Trimble eCognition Developer (v. 9.4) soft-
ware [70]. Three object-based classifiers, or rule sets, were built to answer the study
questions. The first classifier used only the optical imagery to identify Phragmites, the
second classifier utilized a CHM with the optical imagery, and the third classifier included
the RADARSAT-2 HH polarization with the CHM and optical imagery. Each of the three
classifiers followed the same pattern. First, new temporary raster layers were created,
followed by the removal of No Data areas. The first temporary raster layer was the visible-
band difference vegetative index (VDVI). VDVI uses the red, green, and blue bands to
calculate a vegetative health index similar to NDVI and ranges from −1 to 1 [71]. VDVI
was calculated using the following mathematical formula:

(2 ∗ green)− red − blue
(2 ∗ green) + red + blue

Additionally, a CHM was created by subtracting a lidar-derived DEM from a DSM.
The CHM creation was only present in the two classifiers that use height of vegetation to
identify Phragmites. No Data values were removed using a series of quadtree segmentations.

Data layers were initially segmented using the multi-resolution segmentation algo-
rithm at a scale parameter of 30, along with a shape parameter of 0.3 and compactness
parameter of 0.5. The scale parameter determines the size of the resulting objects, e.g.,
larger values for scale parameter produce larger image objects and smaller values produce
smaller image objects. The shape parameter determines the influence of shape and color for
image object creation. Larger values for shape will result in shape having more influence
than color for object creation. Smaller values for shape will result in color having a higher
weight for image object creation. The compactness parameter determines the smoothness
or compactness of the image objects. Higher values of compactness result in more compact
objects, while lower values will result in smoother objects. Parameter values used in this
study were determined through trial and error.

Initial image objects were assigned to either vegetation or not vegetation classes
based on the mean VDVI of the entire scene. Objects below the mean VDVI were placed
into the not vegetation class while objects above the scene mean were placed into the
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vegetation class. The objects in the vegetation class were merged and re-segmented using
the multi-resolution segmentation algorithm at a scale parameter of 10. A shape parameter
of 0.3 and compactness parameter of 0.5 were used for the segmentation. Phragmites was
initially identified from the vegetation class using texture, specifically the grey-level co-
occurrence matrix (GLCM) homogeneity algorithm. Texture has been used by others to
identify Phragmites [46,47] and other invasive plants [72–75]. The GLCM homogeneity
algorithm multiplies a pixel’s grey level value based on the neighboring pixel’s grey level.
Pixels sharing the same grey level are multiplied by one, while pixels with different grey
levels exponentially decrease by a factor dependent on the extent of the difference in grey
level [76]. All layers were used in the texture calculation. Objects with a rough texture, or a
low GLCM homogeneity value, were assigned to the Phragmites class.

Removal of canopy gaps and refinement of object shapes was completed after the
initial identification of Phragmites. It is unlikely that vegetation within a patch of Phragmites
is another species due to the density at which Phragmites grows. Therefore, all vegetation
objects completely surrounded by the Phragmites class were reassigned as Phragmites. The
objects identified as Phragmites were further defined through the use of the GLCM contrast
algorithm. This algorithm is similar to GLCM homogeneity, but it highlights objects with
textures different from their neighbors [76]. Finally, objects with small areas were removed.
Phragmites patches are likely to be multiple square meters in size. Anything below that
size was deemed improbable to detect. The resulting classifications had two final classes,
Phragmites and Not Phragmites.

All OBIA classifiers were trained on the 2018 UAS collection of Grassy Point Park because
it was the first available acquisition with known Phragmites patches. Creation of each rule
set was done through trial and error. Four classifications were completed for the Hallett
Dock, Tallas Island, and Saginaw Bay study areas (Tables 2 and 3). This included: (1) strictly
RGB UAS imagery; (2) RGB UAS imagery and a CHM created using a UAS-derived DSM;
(3) RGB UAS imagery and a CHM created using a stereo satellite-derived DSM; (4) RGB UAS
imagery, RADARSAT-2 HH polarization, and a UAS-derived CHM. Three classifications were
completed using the 2017 Grassy Point Park collection (Table 3): (1) strictly RGB UAS imagery;
(2) RGB UAS imagery and a CHM created using a UAS-derived DSM; 3) RGB UAS imagery,
RADARSAT-2 HH polarization, and a UAS-derived CHM.
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Table 2. Layers and classification parameters used for each image classification scheme within eCognition. The first column identifies the classifier. The second column represents if the VDVI layer
was used to identify vegetation. Column three represents the use of a CHM and the data source used for its creation. The remaining columns identify the parameters used to classify Phragmites,
organized based on the order of operations within the classifier. Scale parameters for the multi-resolution segmentations (MRS) are provided. All multi-resolution segmentations used a shape
parameter of 0.3 and a compactness parameter of 0.5. The maximum threshold for the multi-threshold segmentation (MTS) was 4 m and the minimum threshold was 2 m. Each scheme used the RGB
bands of the UAS imagery. Schemes 2–4 included a CHM, while only Scheme 4 included the RADARSAT-2 HH polarization. The CHM and RADARSAT-2 HH polarization are used in the calculation
of GLCM homogeneity and contrast if the layer is present in the classifier.

Parameters
MRS MRS MRS GLCM Max Border to

Phragmites
GLCM Area

RADARSAT-2 HHScheme VDVI CHM (Scale 30) MTS (Scale 10) (Scale 100) Homogeneity Difference Brightness Contrast (Pixel)

1 X X X X X X X
2 X UAS X X X X X X X X X X
3 X Satellite X X X X X X X X X X
4 X UAS X X X X X X X X X X X
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Table 3. Classification schemes used at each study area. This includes: Scheme (1) strictly the RGB
UAS imagery using rule set 1; Scheme (2) RGB UAS imagery and a UAS-derived CHM using rule
set 2; Scheme (3) RGB UAS imagery and a stereo satellite-derived CHM using rule set 2; Scheme (4)
RGB UAS imagery, UAS-derived CHM, and the RADARSAT-2 HH polarization using rule set 3.
Scheme (3) was not used for Grassy Point Park due to data unavailability.

Classification Scheme

Study Area Scheme 1 Scheme 2 Scheme 3 Scheme 4

Grassy Point Park X X X
Hallett Dock X X X X
Tallas Island X X X X
Saginaw Bay X X X X

Differences between Rule Sets

Although each rule set follows the same scheme, there were slight differences between
them. The biggest difference was the inclusion of a CHM in the second and third classifier.
This allowed for partitioning of vegetation into different height classes. A multi-threshold
segmentation was used to assign objects with a mean height from two to four meters as
potential Phragmites. Remaining vegetation objects with a mean height below two meters
were merged then segmented using a multi-resolution segmentation at a scale parameter
of 100. The multi-resolution segmentation used a shape parameter of 0.3 and compactness
parameter of 0.5. Vegetation objects touching the potential Phragmites class were reassigned
as potential Phragmites. The potential Phragmites class was further refined following the
procedure described above. This allowed for the edges of Phragmites patches to be included.
Two additional algorithms were used following the GLCM homogeneity algorithm to
shape Phragmites objects: max difference and brightness. The max difference algorithm
looks at the differences in all layers between neighboring objects. Brightness corresponds
to how bright an object appears, e.g., white objects will be brighter than black objects.
The max difference and brightness algorithms were used to fill gaps in the canopy. These
two algorithms were not included in the first classifier due to overestimating Phragmites
without a height threshold. Lastly, for the third classifier, the mean RADARSAT-2 HH
backscatter intensity was used to remove incorrectly identified Phragmites objects. This was
the only difference between the second and third classifier.

The second and third classifiers included the surface models and the RADARSAT-2
HH polarization layers when calculating texture. Surface models were included because
height is representative of surface texture due to shadowing from taller vegetation. The
RADARSAT-2 HH polarization was included because backscatter intensity is directly
related to structural properties of surface scatterers [33]. Leaf orientation, stem density, and
other physical characteristics of plants impact the backscatter intensity, and these physical
characteristics are also related to surface texture.

2.4. Accuracy Assessment

Phragmites patch locations in the St. Louis River Estuary were determined through sur-
vey data provided by the Great Lakes Indian Fish and Wildlife Commission (GLIFWC), ver-
ified populations through EDDMapS, and populations reported to the Minnesota Aquatic
Invasive Species Research Center (MAISRC) (https://www.maisrc.umn.edu/phragmites-
map (accessed on 1 September 2019)). The boundaries of the three identified patches in
Grassy Point Park were manually digitized using visual interpretation and the UAS im-
agery. No populations were reported in Tallas Island or Hallett Dock. Visual interpretation
of both the Hallett Dock and Tallas Island imagery corroborated the absence of Phragmites
within these two study areas. Saginaw Bay did not have point data corresponding to
Phragmites locations. Personal communication with the provider of the Saginaw Bay UAS
imagery confirmed the presence of Phragmites within the study area. The Saginaw Bay
UAS imagery was visually interpreted, and the living patches of Phragmites were manually

https://www.maisrc.umn.edu/phragmites-map
https://www.maisrc.umn.edu/phragmites-map
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digitized. Visual interpretation of the UAS imagery was used to confirm no regrowth of
Phragmites within the standing, dead Phragmites stalks.

For the Grassy Point Park and Saginaw Bay study sites, 50 points were randomly
generated within the digitized Phragmites patch boundaries, and 80 points were randomly
generated outside of the digitized Phragmites patch boundaries (Figure 4). The number
of assessment points in the Phragmites class was selected due to the minimal area of
Phragmites within the study areas, following the recommendation of Congalton (1991) [77]
and Congalton and Green (2019) [78] for the minimum number of points per class. For
study areas with no known Phragmites, a total of 130 points were randomly generated
within the extent of the study area (Figure 4). Each randomly generated point was then
examined by a Phragmites expert who visually interpreted the UAS imagery to determine
whether the point fell on Phragmites. Two Not Phragmites validation points in Hallett Dock
were incorrectly identified as Phragmites by the expert conducting the validation. Physical
surveying of the area by the GLIFWC showed no Phragmites in Hallett Dock so those two
points were discarded. A number of points generated in known Phragmites patches fell
within canopy gaps. This resulted in fewer than 50 assessment points in the Phragmites
class for both Grassy Point Park and Saginaw Bay (Table 4). However, this was deemed
acceptable due to the small total area of Phragmites in each of these study sites. Increasing
the number of assessment points for the Phragmites class in this situation would have
resulted in points being located closely to other assessment points, as well as potentially
inflating accuracy.

Figure 4. Location of the randomly generated validation points for each study area. Fifty points were
randomly generated within the boundaries of the Phragmites patches in both (A) Grassy Point Park
and (D) Saginaw Bay, while 80 points were generated outside of the patch boundaries. One hundred
and thirty points were randomly generated within (B) Hallett Dock and (C) Tallas Island.
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Table 4. Number of validation points randomly generated by class in each study area. No validation
points were generated for the Phragmites class in Tallas Island and Hallett Dock due to no populations
of Phragmites existing within those study areas. Fifty validation points were originally generated for
Phragmites in Grassy Point Park and Saginaw Bay, but were reduced due to points falling within gaps
in the Phragmites patches.

Number of Validation Points

Study Area Phragmites Not Phragmites

Grassy Point Park 45 85
Hallett Dock 0 128
Saginaw Bay 37 93
Tallas Island 0 130

A confusion matrix was created for each classification, and the individual producer’s
and user’s accuracies for each class were calculated [78]. Only the accuracy of the Not
Phragmites class in both the Tallas Island and Hallett Dock study areas was calculated.
Accuracies for the Phragmites class were not calculated for Hallett Dock and Tallas Island
due to the absence of Phragmites within those two sites. To account for this, the total area
of misclassified vegetation was calculated for Hallett Dock and Tallas Island to provide
another accuracy metric. Total area of misclassified vegetation was calculated by the
division of the area of the Phragmites class by the total area of the study site. Combined
producer’s and user’s accuracy of the Phragmites class was calculated for three of the four
classifications. A confusion matrix was used to calculate the combined accuracy for the
three classifications, which was created by combining the accuracy assessment points
from each of the four study sites. The combined accuracy for the classification utilizing a
satellite-derived CHM (Scheme 3, Tables 2 and 3) was not calculated due to no classification
over Grassy Point Park.

3. Results
3.1. RGB Spectral Bands and Textural Algorithms for the Identification of Phragmites

The identification of Phragmites using the spectral and textural information from the
RGB UAS imagery was tested in the four study areas (Scheme 1, Tables 2 and 3). User’s
and producer’s accuracies were calculated for each class (Phragmites, Not Phragmites) using
the independently validated points (Table 5). The resulting classification using only the
RGB UAS imagery is shown in Figure 5.

Table 5. Validated assessment points for each study area for the classification using only the RGB UAS
imagery. Points are split by class (Phragmites, Not Phragmites) and if they were correctly identified
(Correct, Incorrect).

Phragmites Class Not Phragmites Class

Study Area Correct Incorrect Correct Incorrect

Grassy Point Park 45 0 53 32
Hallett Dock - - 85 43
Saginaw Bay 33 4 57 36
Tallas Island - - 67 63
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Figure 5. Mapping Phragmites using RGB UAS imagery without the use of a CHM or RADARSAT-2
HH polarization for (A) Grassy Point Park, (B) Hallett Dock, (C) Tallas Island, and (D) Saginaw Bay.

Classifications using only the spectral and textural information from the RGB imagery
(Scheme 1, Tables 2 and 3) exhibited low user’s accuracies for the Phragmites class (Table 6).
The extent of Phragmites in each study area was significantly overestimated. All of the
Phragmites validation points were correctly identified in Grassy Point Park, but 32 of the 85
Not Phragmites validation points were incorrectly identified as Phragmites. This resulted in a
user’s accuracy of 58% for the Phragmites class. Saginaw Bay had a user’s accuracy of 48%.
Thirty-three of the 37 Phragmites validation points were correctly identified at Saginaw Bay,
but 36 Not Phragmites validation points were incorrectly classified as Phragmites. A similar
response of widespread misidentification was seen in the Hallett Dock and Tallas Island study
areas. Roughly 28% of the Hallett Dock study site and 33% of Tallas Island study site were
misclassified as Phragmites. Forty-three of the 128 Not Phragmites validation points at Hallett
Dock were incorrectly classified as Phragmites. Sixty-three of the 130 Not Phragmites validation
points at Tallas Island were incorrectly classified as Phragmites. All study areas had user’s
accuracies above 90% for the Not Phragmites class.
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Table 6. Classification performance for all four study sites when using the RGB UAS imagery without
the use of a CHM or RADARSAT-2 HH polarization. Producer’s accuracy and user’s accuracy are
provided for each study site. Only the accuracy of the Not Phragmites class was calculated for Hallett
Dock and Tallas Island. The combined accuracy of the Not Phragmites class was not calculated.

Study Area

Class Grassy Point Hallett Dock Tallas Island Saginaw Bay Combined

Producer’s
Accuracy (%)
Phragmites 100 N/A N/A 89 95
Not Phragmites 62 66 52 61 N/A

User’s Accuracy
(%)
Phragmites 58 N/A N/A 48 31
Not Phragmites 100 100 100 93 N/A

Producer’s accuracies were higher for the Phragmites class due to overestimation of
Phragmites. The Phragmites class for Grassy Point Park had a producer’s accuracy of 100%,
and the Phragmites class for Saginaw Bay had a producer’s accuracy of 89%. Four Phragmites
validation points were incorrectly identified as Not Phragmites. Commission errors resulted
in low producer’s accuracies for the Not Phragmites class. The producer’s accuracy of the
Not Phragmites class for Grassy Point Park was 62%, 66% for Hallett Dock, 52% for Tallas
Island, and 61% for Saginaw Bay.

Combined user’s accuracies across all four sites for the Phragmites class was low. Con-
sistent misidentification led to a user’s accuracy of 31% for the Phragmites class. However,
since most vegetation was classified as Phragmites, the Phragmites class had a producer’s
accuracy of 95%.

3.2. Incorporating CHMs for Phragmites Identification

The four study areas were classified with the addition of a UAS-derived CHM (Figure 6)
using Scheme 2 (Tables 2 and 3). Each classification was evaluated using the independently
validated points (Table 7). Classifications using a UAS-derived CHM had higher accuracies
than the classifications without a CHM (Table 8). Splitting the vegetation into different height
thresholds allowed for trees, shrubs, and shorter vegetation to be classified correctly more
often. The Phragmites class for Grassy Point Park had a user’s accuracy of 92% with three
Not Phragmites validation points being incorrectly identified as Phragmites. Eleven Phragmites
validation points were incorrectly identified as Not Phragmites resulting in a producer’s
accuracy of 76% for Grassy Point Park’s Phragmites class. Inaccuracy of patch extent caused
most omission errors. All but one known Phragmites patch was identified in Grassy Point
Park, which is interspersed with Alnus spp. The Phragmites patch interspersed with Alnus sp.
was unlikely to be correctly identify due to the tree canopy cover. Commission errors were
greatly reduced even without the correct classification of all Phragmites validation points. The
user’s accuracy for the Not Phragmites class was 88%, and the producer’s accuracy was 97%.
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Figure 6. Mapping Phragmites using RGB UAS imagery with a UAS-derived CHM for (A) Grassy
Point Park, (B) Hallett Dock, (C) Tallas Island, and (D) Saginaw Bay.

Table 7. Validated assessment points from each study area for the classification using the RGB UAS
imagery and a UAS-derived CHM. Points are split by class (Phragmites, Not Phragmites) and if they
were correctly identified (Correct, Incorrect).

Phragmites Class Not Phragmites Class

Study Area Correct Incorrect Correct Incorrect

Grassy Point Park 34 11 82 3
Hallett Dock - - 127 1
Saginaw Bay 1 36 93 0
Tallas Island - - 130 0
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Table 8. Classification performance for all four study sites when using the RGB UAS imagery with
a UAS-derived CHM. Producer’s accuracy and user’s accuracy are provided for each study site.
Only the accuracy of the Not Phragmites class was calculated for Hallett Dock and Tallas Island. The
combined accuracy of the Not Phragmites class was not calculated.

Study Area

Class Grassy Point Hallett Dock Tallas Island Saginaw Bay Combined

Producer’s Accuracy
(%)
Phragmites 76 N/A N/A 3 43
Not Phragmites 97 99 100 100 N/A

User’s Accuracy (%)
Phragmites 92 N/A N/A 100 90
Not Phragmites 88 100 100 72 N/A

This trend was consistent in the Hallett Dock and Tallas Island study areas. The Not
Phragmites class at Hallett Dock had a user’s accuracy of 100% and a producer’s accuracy
of 99%. Only one Not Phragmites validation point was incorrectly classified as Phragmites.
The Not Phragmites class of Tallas Island had a user’s and producer’s accuracy of 100%. It is
important to note that vegetation was still misidentified as Phragmites, potentially leading
the accuracies at the Hallett Dock and Tallas Island locations to be falsely high. Including a
UAS-derived CHM reduced the total misclassified area of Hallett Dock to 0.7% of the study
site. Of the vegetation in Tallas Island, 1.1% was misidentified as Phragmites. A different
result was seen at Saginaw Bay. Including a UAS-derived CHM reduced the classification
accuracy. The Phragmites class had a user’s accuracy of 100% and a producer’s accuracy of
3%. A single Phragmites validation point fell within the estimated Phragmites extent. All
Not Phragmites validation points were correctly identified in Saginaw Bay.

Combined user’s accuracy for the Phragmites class significantly improved (Table 8).
Four Not Phragmites validation points were incorrectly classified as Phragmites resulting in
a combined user’s accuracy for 90%. However, the omission of Phragmites at Saginaw Bay
resulted in a combined producer’s accuracy of 43% for the Phragmites class.

Three of the four study areas were classified with the addition of a satellite-derived
CHM (Figure 7) using Scheme 3 (Tables 2 and 3). Classifications with a satellite-derived
CHM resulted in slightly lower accuracies than the UAS-derived CHM (Tables 9 and 10).
Hallett Dock had a user’s accuracy of 100% and a producer’s accuracy of 91% for the Not
Phragmites class. Twelve of the 128 Not Phragmites validation points were incorrectly classified
as Phragmites. An increase in misidentified vegetation was seen using a satellite-derived CHM.
The total misclassified area of Hallett Dock was 9.1% when using a satellite-derived CHM
compared to the 0.7% when using a UAS-derived CHM. Commission errors were higher at
forest boundaries, which are a result of a lower spatial resolution CHM. Tallas Island had
comparable results to Hallett Dock when using a satellite-derived CHM. The user’s accuracy
for the Not Phragmites class was 100%, and the producer’s accuracy was 83%. The total area of
vegetation misclassified as Phragmites was 12.9% of the study site. Twenty-two of the 130 Not
Phragmites validation points were incorrectly classified as Phragmites. Similar to Hallett Dock,
commission errors were frequent around forest boundaries. Saginaw Bay had a slight increase
in classification accuracy when using a satellite-derived CHM compared to using a UAS-
derived CHM. Phragmites was correctly identified in four of the five patches, but the shapes
of the objects did not match the Phragmites extent. Six Not Phragmites validation points were
incorrectly classified as Phragmites resulting in a user’s accuracy of 57% for the Phragmites
class. Twenty-nine of the 37 Phragmites validation points were incorrectly classified as Not
Phragmites resulting in a producer’s accuracy of 22%. The Not Phragmites class had a user’s
accuracy of 75% and a producer’s accuracy of 94%.
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Figure 7. Mapping Phragmites using RGB UAS imagery with a satellite-derived CHM for (A) Hallett
Dock, (B) Tallas Island, and (C) Saginaw Bay. DSMs were created by the Polar Geospatial Center
from DigitalGlobe, Inc. imagery.

Table 9. Validated assessment points from each study area for the classification using the RGB UAS
imagery and a satellite-derived CHM. Points are split by class (Phragmites, Not Phragmites) and if
they were correctly identified (Correct, Incorrect).

Phragmites Class Not Phragmites Class

Study Area Correct Incorrect Correct Incorrect

Hallett Dock - - 116 12
Saginaw Bay 8 29 87 6
Tallas Island - - 108 22
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Table 10. Classification performance for all four study sites when using the RGB UAS imagery with a
stereo satellite-derived CHM. Only the accuracy of the Not Phragmites class was calculated for Hallett
Dock and Tallas Island.

Study Area

Class Hallett Dock Tallas
Island Saginaw Bay

Producer’s Accuracy (%)
Phragmites N/A N/A 22
Not Phragmites 91 83 94

User’s Accuracy (%)
Phragmites N/A N/A 57
Not Phragmites 100 100 75

3.3. Including SAR for Phragmites Identification

Each study area was classified with the addition of a UAS-derived CHM and the
RADARSAT-2 HH polarization (Figure 8) using the rule set described above (Scheme 4,
Tables 2 and 3). The satellite-derived CHM was not tested with the RADARSAT-2 HH
polarization. Accuracies of classifications incorporating SAR performed comparable to
classifications using only the UAS-derived CHM (Scheme 2, Tables 2 and 3) at the Minnesota
study sites (Tables 11 and 12). Differences were the removal of misidentified objects and
the changes to the object shapes. Four Not Phragmites validation points were misclassified
as Phragmites resulting in a user’s accuracy of 90% for the Grassy Point Park Phragmites
class. Eleven of the 45 Phragmites validation points were omitted resulting in a producer’s
accuracy of 76% for the Grassy Point Park Phragmites class. The Not Phragmites class had
a user’s accuracy of 88% and a producer’s accuracy of 95%. Accuracies for Hallett Dock
and Tallas Island did not improve with the inclusion of the RADARSAT-2 HH polarization.
Hallett Dock had a user’s accuracy of 100% and a producer’s accuracy of 99% for the Not
Phragmites class. Only one Not Phragmites validation points was incorrectly classified as
Phragmites. The total area of misclassified vegetation at Hallett Dock was 0.7% of the study
area. Tallas Island followed the same trend of minimal change. The user’s and producer’s
accuracy of the Not Phragmites class was 100%. The total area of misclassified vegetation
was 1.1% of the study site. Including the RADARSAT-2 HH polarization resulted in
the lowest classification accuracy of Saginaw Bay. No Phragmites in the study area was
identified correctly resulting in a producer’s accuracy of 0%. The user’s accuracy of the
Not Phragmites class was 72%, and the producer’s accuracy was 100%.
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Figure 8. Mapping Phragmites using RGB UAS imagery, UAS-derived CHM, and RADARSAT-2 HH
polarization for (A) Grassy Point Park, (B) Hallett Dock, (C) Tallas Island, and (D) Saginaw Bay.

Table 11. Validated assessment points from each study area for the classification using the RGB
UAS imagery, a UAS-derived CHM, and RADARSAT-2 HH polarization. Points are split by class
(Phragmites, Not Phragmites) and if they were correctly identified (Correct, Incorrect).

Phragmites Class Not Phragmites Class

Study Area Correct Incorrect Correct Incorrect

Grassy Point Park 34 11 81 4
Hallett Dock - - 127 1
Saginaw Bay 0 37 93 0
Tallas Island - - 130 0
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Table 12. Classification performance for all four study sites when using RGB UAS imagery, UAS-
derived CHM, and RADARSAT-2 HH polarization. Producer’s accuracy and user’s accuracy are
provided for each study site. Only the accuracy of the Not Phragmites class was calculated for Hallett
Dock and Tallas Island. The combined accuracy of the Not Phragmites class was not calculated.

Study Area

Class Grassy Point Hallett Dock Tallas Island Saginaw Bay Combined

Producer’s Accuracy
(%)
Phragmites 76 N/A N/A 0 41
Not Phragmites 95 99 100 100 N/A

User’s Accuracy (%)
Phragmites 90 N/A N/A 0 87
Not Phragmites 88 100 100 72 N/A

Overall, results from this study suggest that the inclusion of the RADARSAT-2 HH
polarization does not necessarily increase the classification accuracy of Phragmites (Table 12).
Five Not Phragmites validation points were incorrectly classified as Phragmites resulting in
a combined user’s accuracy for 87%. However, the omission of Phragmites at Saginaw Bay
resulted in a combined producer’s accuracy of 41% for the Phragmites class.

4. Discussion

This study used OBIA to identify Phragmites from three-band UAS imagery and tested
the functionality of CHMs and SAR within those classifications. Based on the results in four
study locations, accurate identification of Phragmites from UAS imagery is unlikely without
the use of a CHM. This is clearly demonstrated by the low producer’s and user’s accuracies
of the Phragmites class when not using a CHM. Visual analysis of the resulting classifications
showed that trees, shrubs, and Typha spp. were highly subject to commission errors in each
of the four study sites. Phragmites in the training location exhibited rough textures due to
shadowing, which corresponds to low GLCM homogeneity values. Misclassification of
woody vegetation and Typha spp. may be due to their similar textural values as Phragmites.

4.1. Use of CHMs for Phragmites Identification

Inclusion of a CHM allowed for a significant increase (>20%) in classification accuracy
for three of the four study sites. The increased accuracy is attributed to the exclusion
of wetland trees, shrubs, and shorter wetland vegetation from the final Phragmites class.
It is possible that the CHM had further impacts. The CHM was used with the RGB
imagery when calculating GLCM homogeneity and contrast. Texture values of objects
changed, which resulted in objects being included or excluded from the final Phragmites
class. Although the separation of vegetation by height resulted in the most significant
change to classifications using a CHM, the texture values calculated with the addition
of a CHM were important for the classification and refinement of Phragmites objects. In
comparison, using texture without a CHM resulted in broad misclassification. Further
research is needed to determine the role of textural algorithms for Phragmites classification.

Although the inclusion of a CHM provided a large increase in classification accuracy
in three study sites, results from the Saginaw Bay study site demonstrate that classification
accuracy is tied to the quality of the CHM. Each study site was flown without ground
control points while using single-frequency GNSS equipment. Errors in positional estimates
of the UAS will propagate through the workflow, lowering the accuracy of the subsequent
UAS data. Phragmites frequently invades locations where ground control points are difficult
to establish. A UAS with post-processing kinematic (PPK) or real-time kinematic (RTK)
capabilities would increase positional accuracy [79–81] and decrease CHM errors. CHM
accuracy is also dependent on the quality of the lidar used to create the DEM. Density
of Phragmites patches may inhibit the lidar laser pulse from striking the ground or water
surface below, resulting in returns being incorrectly classified (i.e., vegetation returns
classified as ground returns). This issue may be circumvented where Phragmites is growing
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as emergent vegetation. A single parameter, mean water level, for example, could be used
to create the CHM. However, this method would not be appropriate elsewhere. More
testing is needed to determine how to achieve accurate DEMs in locations that Phragmites
invades, as well as the impact of a PPK or RTK enabled UAS on classification accuracy.

The results seen at Saginaw Bay were attributed to the potential CHM errors de-
scribed above. Portions of live and dead Phragmites stands can be seen in the lidar DEM.
Additionally, the GNSS instruments on the DJI Mavic Pro may not be accurate enough
for estimating emergent vegetation height. Visual assessment of the UAS-derived DSM
showed significant underestimation of vegetation height. This was present even when
accounting for potential errors in the lidar-derived DEM. For example, most vegetation
was estimated to be under one meter tall. More research is needed to confirm whether
a DJI Mavic Pro can accurately estimate the height of Phragmites and non-Phragmites
herbaceous vegetation.

Field conditions and Phragmites patch characteristics during data acquisition are
another critical aspect to CHM quality. The density of a Phragmites patch directly determines
what can be captured in the CHM. The potential to capture individual stalks of Phragmites
in a CHM is unlikely. This is due to the increased difficulty of point matching at the top
of a Phragmites stalk because of its small size and frequent movement in wind. Higher
density Phragmites patches provide more options for point matching, which will lead to a
more accurate CHM. The potential issues with proper point matching can be compounded
during flooded conditions due to the movement of water. Future research should prioritize
methods, data, and field conditions that produce high-quality CHMs.

Satellite-derived CHMs had classification accuracies that were slightly lower than the
UAS-derived CHMs. Saginaw Bay was the only study area that had a higher classification
accuracy with the satellite-derived CHM than the UAS-derived CHM, but this is attributed
to the accuracy of the GNSS equipment on the DJI Mavic Pro. Commission errors were
more abundant at the boundaries of tree lines and low vegetation than when using a
UAS-derived CHM. This is attributed to the lower spatial resolution of the satellite-derived
CHMs. Larger pixel size inhibits a distinct boundary between the tree canopy and low
vegetation canopy. Additionally, commission errors may be attributed to the vertical
accuracy and adjustment method of the satellite-derived CHMs. Others have noted errors
of multiple meters when using commercial satellite stereo retrievals to estimate canopy
height [82–84]. Errors of this magnitude will directly impact the detection of Phragmites.
Examples of this error can be seen in both the Hallett Dock and Tallas Island study sites.
Large sections of herbaceous vegetation were correctly classified in these two sites when
using a UAS-derived CHM, but the same areas were incorrectly classified when using a
satellite-derived CHM. This issue highlights the need for the evaluation of DSMs created
using the SETSM algorithm.

Implications of large-area Phragmites identification is promising despite the commis-
sion errors when using a satellite-derived CHM. Knowing that a CHM is necessary for
accurate Phragmites identification, a major issue with large-area identification is having
a CHM from the same growing season as the optical imagery. Phragmites patches can
expand rapidly during a growing season [85], new patches can establish between years,
and active management can reduce patch size and change patch shape. Outdated CHMs
would result in inaccurate classifications, potentially causing unaccounted or incorrectly
identified Phragmites patches. These errors could lead to mismanagement of resources
apportioned to control Phragmites. Large-area lidar acquisitions are infrequent, and vegeta-
tion structure and abundance will change after the acquisition. Satellite-derived CHMs
allow for classifications to use CHMs from the same day as the optical imagery. In addition
to up-to-date CHMs, optical satellites frequently collect more than just the RBG spectral
bands, which will assist in the discrimination of vegetation [86]. Large-area identification
of Phragmites using satellite-derived CHMs is the subject of our ongoing studies.
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4.2. SAR for Phragmites Identification

Use of the RADARSAT-2 HH polarization did not improve classification accuracy at
any of the four study sites. These results are similar to Millard and Richardson (2013) [87]
who found no improvement when pairing SAR with lidar derivatives for wetland classifica-
tion. Tallas Island and Hallett Dock had no increase in accuracy or decrease in commission
errors when incorporating the HH polarization. Commission errors at Grassy Point were
reduced to only three objects being misclassified as Phragmites. Contrarily, omission errors
were significantly higher in Saginaw Bay where no Phragmites was correctly identified. This
is attributed to different environmental conditions in the St. Louis River Estuary and Lake
Huron. However, these environmental conditions, which are not exclusive to Saginaw
Bay, could be present in wetlands in any location. Higher σ◦ values were detected in the
Saginaw Bay study site compared to the other study sites. A majority of the vegetation in
Saginaw Bay was flooded, while the vegetation in the Minnesota study sites was not. The
HH polarization is more sensitive to double-bounce scattering, and flooded, tall vegetation
facilitates double-bounce scattering with perpendicular water-stem surfaces [32]. Although
the CHM caused most omission errors in Saginaw Bay, the failure of the classifier in Sagi-
naw Bay when incorporating the HH polarization was caused by the omission of Phragmites
patches due to higher HH backscatter. The differences between Grassy Point and Saginaw
Bay show that environmental conditions have great influence over SAR backscatter. The
dielectric properties of all scattering surfaces and the geometry of those surfaces determines
the intensity and polarization of the returned signal [33]. Future work should normalize
SAR variables to account for environmental differences between locations.

Results from including the HH polarization demonstrate that using a single polariza-
tion from a single date is not effective for differentiating Phragmites from other wetland
vegetation. Different SAR methods than those used in this study may prove beneficial for
Phragmites mapping. For example, others have employed multiple dates of SAR imagery
when identifying Phragmites [26,88]. A multi-temporal approach may provide the ability to
track changes in wetland vegetation structure across the growing season. Phragmites has
more aboveground biomass than other wetland species [89,90] and fast rates of growth [5].
A multi-temporal approach could differentiate Phragmites from other species due to sea-
sonal growth characteristics. Others have used polarimetric SAR (PolSAR) to identify
different wetland types [91–93]. PolSAR decompositions are suitable for differentiating
surface features based on their scattering behaviors [94]. Phragmites may have unique scat-
tering characteristics relative to other wetland vegetation due to its density of stems, large
amount of aboveground biomass, and the orientation of large, overlapping leaves. Further
testing is needed to determine whether other SAR methods can improve the classification
accuracy of Phragmites.

4.3. Validation

Validation of this study was done entirely through visual interpretation of the UAS
imagery. Physical mapping of the St. Louis River Estuary had been completed by the
GLIFWC, and other individuals provided point data on the location of known Phragmites
populations, but the randomized assessment points were not physically validated. Physical
validation of each assessment point would allow for higher confidence in the accuracy of
each point. Furthermore, the number of Phragmites validation points in Grassy Point Park
and Saginaw Bay was low, which likely reduced the precision at which class accuracies
could be calculated. The size and shape of the Phragmites patches in the two study areas
was not conducive for the creation of more validation points. A higher point density
could have been generated, but the generally narrow shape would result in validation
points being located too closely together. This brings into question how validation should
be completed for classifications where the aim is to identify a cover class that covers a
very small percentage of an already small study area. For invasive species mapping, this
problem is especially relevant because a land manager’s goal is to identify invasive species’
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extent before it becomes too costly to manage, i.e., when populations are small. Further
research is needed to determine best practices for this unique problem.

5. Conclusions

Species identification using remote sensing is a difficult task, but the growth character-
istics of Phragmites offer an avenue for its identification. CHMs can be used to highlight the
unique growth characteristics of Phragmites and differentiate it from other vegetation types.
This was demonstrated when using a UAS-derived CHM with the RGB UAS imagery
to achieve reasonable identification accuracy. However, improvement is still needed for
remote sensing to play a major role in the detection and control of this species. Additional
classification techniques and data sources should be explored.

In addition, it is important to remember that remote sensing is a field based on
creating data for others to use. Maps provided for invasive species management need to be
accurate. Land managers will not tolerate widespread omission of Phragmites patches or
misidentification of desirable native wetland species as Phragmites. This study showed that
Phragmites can be successfully identified in one wetland while simultaneously being subject
to numerous commission errors in another wetland. Future work should test classifiers in
multiple study areas to determine their true capability for Phragmites identification. This
need will become increasingly important if remote sensing is to be a viable tool for resource
specialists coordinating Phragmites management.
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