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Introduction: Coastal estuarine wetlands provide important habitats for a variety
of endemic flora and fauna but are particularly vulnerable to biological invasions.
Regular monitoring of changes in these vulnerable wetlands has become
increasingly important for effective management, especially considering threats
from climate change effects and human disturbance. Historical analyzes of
plant invasions may guide targeted management strategies to eradicate harmful
species. Estimating the distribution of invasive species has never been more
accessible with the improved availability of high-resolution data and innovations
in remote sensing, estimating the distribution of invasive species has never been
more accessible.

Methods: We assessed the spread of non-native Phragmites australis subsp.
australis in Suisun Marsh on the upper San Francisco Estuary, one of the largest
brackish coastal wetlands in North America. Suisun Marsh consists of managed
and tidal wetlands, and efforts have been made to control invasive P. australis on
the managed wetlands to support habitat values for wildlife. We used remote-
sensing analyzes of publicly available, biennial color-infrared images taken by the
National Agriculture Imagery Program (NAIP) to map the expansion of invasive
P australis across two decades. We generated random forest classifications of
representative images to map the distribution of P australis, then calculated a
variety of metrics describing the rate and spatial extent of the P. australis spread.
Additionally, we ran generalized linear models to examine factors related to the
growth of P. australis.

Results: Our classifications yielded accuracies of over 90% and showed a 234%
(1,084 ha) increase in P. australis between 2003 and 2018. The expansion rate of
P. australis patches averaged 1.32 m/year (+0.53 SD) which is higher than most
reported in the literature. We found that P. australis expansion in managed areas
within levees was significantly correlated with invasion in tidal areas outside the
levees on the same parcel and also related to its spread on adjacent parcels.

Discussion: Our findings suggest that despite individual landowner management
efforts, P. australis has continued to expand substantially throughout Suisun Marsh.
Future efforts to treat invasive P. australis may require emphasizing adaptive,
collaborative management rather than individual management strategies to
ensure the invasive species is eradicated on a large scale to preserve the valued
ecosystem functions.

Phragmites australis, invasive species, marsh, estuary, random forest classification,
wetland
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1. Introduction

The spread of non-native, invasive species poses a major threat to
plant diversity, ecosystem function, and habitat quality (Vitousek
etal., 1997; Mack et al., 2000; Quirion et al., 2018; Tadros et al., 2020).
An estimated 5,000 invasive plant species have been introduced into
the United States (Pimentel et al., 2000; Tallamy, 2004) and managing
the spread of these non-native plants costs millions of dollars annually
(Pimentel et al., 2000). The non-native common reed (Phragmites
australis subsp. australis; hereafter P australis) is one such plant-it is
a broadly distributed grass species now found throughout the wetlands
of North America. While there are some native P. australis lineages in
different parts of North America (Phragmites australis subsp.
americanus), the Eurasian lineage of P. australis was first introduced
in the early 19th century and has since expanded throughout the
continent (Saltonstall, 2002; Meyerson et al., 2010a). The Eurasian
lineage has aggressively expanded into native wetlands and altered
vegetation communities (Saltonstall, 2002; Meyerson et al., 2010a,b;
Kettenring and Mock, 2012). It is now widely considered to be invasive
in most wetland ecosystems across North America and especially in
tidal marshes, brackish wetlands, salt marshes, and freshwater coastal
wetlands (Meyerson et al., 2010a,b; Kettenring et al., 2012).

Invasive P. australis has been shown to cause detrimental impacts
to native plant biodiversity, the quality of wildlife and fish habitat, and
sedimentation rates (Lambert et al., 2010; Dibble et al., 2013; Wails
etal, 2021). While in its native European range, P. australis reedbeds
support a variety of specialized bird species (Poulin et al., 2002; Battisti
etal,, 2020), there is little evidence to suggest that invasive P. australis
provides habitat for these species in North America (Benoit and
Askins, 1999; Robichaud and Rooney, 2017; Tozer and Mackenzie,
2019). In addition, human development has exacerbated the spread of
P, australis; its invasions are often associated with the soil denudation,
nutrient enrichment, and hydrologic alteration caused by
anthropogenic activities (Saltonstall, 2002; Kettenring et al., 2011;
Mozdzer et al., 2013; Long et al.,, 2017b). For these reasons, the
management of P. australis has become a priority for conservation
practitioners in many wetlands (Hazelton et al, 2014; Long
etal., 2017a).

Managing to control or eradicate P australis is notoriously
challenging (Hazelton et al., 2014; Long et al,, 2017a). As a rhizomatous
grass, P australis can propagate both clonally as an underground
network of rhizomes and via seeds resulting in rapid expansion from
a local source (Kettenring et al,, 2011; McCormick et al., 2016;
Minchinton and Bertness, 2023). Early detection and rapid response
(EDRR) efforts to control small patches (i.e., seed source patches)
followed by efforts to slow expansion of increasingly larger patches is
likely to lead to the most effective management across the landscape
(Long etal., 2017a, Quirion et al., 2018; Rohal et al., 2019a). Numerous
methods have been developed for treating P. australis with herbicides
including hand-wiping, backpack spraying, and aerial spraying and
with non-chemical approaches such as mowing, burning, and grazing
(Hazelton et al., 2014; Samiappan et al., 2017; Volesky et al., 2017).
However, while some methods may effectively control P. australis in
the short term, a lack of monitoring and continuous follow-up
treatments may result in reemergence of P. australis 2-3 years after the
original control efforts (Lombard et al., 2012; Hazelton et al., 2014).
Therefore, effectively managing P. australis to recover preferred
wetland plant communities may be expensive to achieve over long

Frontiers in Ecology and Evolution

10.3389/fevo.2023.1171245

time frames (Rohal et al., 2019a,b, 2023). A better understanding of
the distribution of P. australis and the mechanisms that control its
spread is necessary to improve management of this invasive species
and to reduce its negative effects.

With advancements in the quality of aerial imagery and spatial
analyzes, remote sensing has emerged as a valuable tool for studying
and monitoring plant invasions (Samiappan et al., 2017; Abeysinghe
et al., 2019; Paz-Kagan et al., 2019; Royimani et al., 2019). Recent
images collected by satellites, aircraft, or unmanned aerial vehicles
(UAVs) can be used to generate coverages for landscapes at a very
high (<1-meter) resolution. Furthermore, remotely-sensed imagery
provides a unique opportunity to examine historical landscapes and
to detect changes, even where ground data are unavailable or costly
(Andrew and Ustin, 2009). Covariates derived from remote-sensing
imagery can be used to identify plant communities or particular
species of interest with high accuracy (Andrew and Ustin, 2009;
Samiappan et al., 2017; Abeysinghe et al., 2019; Paz-Kagan et al,,
2019; Tadros et al., 2020). For example, Samiappan et al. (2017) used
texture analysis to classify P. australis in the wetlands of Louisiana
with an average accuracy of 85%, while in northern China invasive
Spartina alterniflora was identified to a similarly high degree of
accuracy (87-100%; Okoye et al., 2020). These classifications can then
be used to target management efforts and reduce non-native plant
invasions to improve overall ecosystem health (Abeysinghe et al.,
2019; Tadros et al., 2020). Classifications of non-native plant species
further provide the ability to follow EDRR principles and detect
biological invasions early, providing managers with a better
opportunity to eradicate or control the problem (Huang and Asner,
2009; Bradley, 2014).

While previous research has used aerial or satellite imagery to
classify P. australis and other co-occurring vegetation in other regions
of the United States (Rice et al, 2000; Philipp and Field, 2005;
Samiappan et al., 2017; Long et al., 2017b; Abeysinghe et al., 2019),
little effort has been directed at measuring the invasion of P. australis
in Suisun Marsh in the upper reach of the San Francisco estuary, the
largest contiguous brackish marsh on the Pacific coast of the
continental U.S. Suisun Marsh is recognized as an important wetland
for regional biodiversity supporting many endemic species of wildlife
and plants and as an important migratory stopover for waterbirds
along the Pacific Flyway (Moyle et al., 2014). A comprehensive
understanding of the trajectory of the P. australis invasion in Suisun
Marsh is especially crucial in light of the impending threats of sea-level
rise that may further degrade natural resources in this region
(Takekawa et al., 2006; Thorne et al., 2018). Native plants may struggle
to tolerate increased inundation and salinity caused by sea-level rise,
providing an opportunity for P australis invasion and expansion
(Patger et al., 2005; Touchette et al., 2007; Eller et al., 2017).

Our primary objective was to estimate the magnitude,
distribution, and potential mechanisms of P. australis spread in Suisun
Marsh. Thus, we used publicly available aerial imagery to conduct a
historical analysis of the distribution and spread of P. australis in
Suisun Marsh over two decades from 2003 to 2020. We used an
iterative machine-learning approach (Breiman, 2001; Cutler et al,
2007) to compare patches of P. australis and non-P. australis and to
generate an estimate of the changing extent of P. australis. We also
compared the distributions generated with our method compared
with those estimated with a manual classification approach to see if
our models produced similar or higher accuracies.
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2. Methods
2.1. Study area

We examined the historic spread of P. australis in the 46,950-ha
brackish Suisun Marsh located on the upper reach of the San Francisco
estuary in northern California, United States (38.1475N,
—122.0053 W). The region provides crucial habitat for over 200 bird
species, 45 mammal species, and a wide variety of native plants
(CDEW, 2023). These species include the endangered salt marsh
harvest mouse (Reithrodontomys raviventris) and the endemic Suisun
thistle (Cirsium hydrophilum var. hydrophilum). It also serves as an
important nursery for several fishes in the San Francisco estuary, such
as the critically endangered delta smelt (Hypomesus transpacificus)
and endangered runs of Chinook salmon (Oncorhynchus tshawytscha).
Ownership and management of wetlands involves a mix of public,
private, and nonprofit landowners (COFW, 2011).

There are two major types of wetlands in Suisun Marsh (Figure 1):
managed wetlands that are surrounded by levees with water
infrastructure controlling the timing and duration of applied water,
and tidal wetlands that are open to the influence of the mixed diurnal

10.3389/fevo.2023.1171245

tides resulting in twice-daily high and low tides differing in height by
up to 2m (CDFW, 2011). Most of the land parcels are managed
wetlands with vegetated tidal berm areas on the exterior side of levees,
although in the recent past, several parcels have been restored to tidal
wetlands to benefit fish. Private landowners primarily oversee
managed wetlands to support waterfowl habitat during the winter
months, a traditional land use practice that was established in the late
1800s (Arnold, 1996). The area has been protected by state law since
1977, and recent goals for the region established in the Suisun Marsh
Habitat Management, Preservation, and Restoration Plan EIR/EIS
(CDFW, 2011) have included enhancing 16,000-20,000 ha of managed
wetlands and restoring 2,000-3,000 ha of tidal wetlands.

While the exact timing of the invasion is unknown, it is believed
that non-native P. australis was introduced to Suisun Marsh about
50-60 years ago. Historic reports and vegetation survey results do not
mention P. australis until after the 1970s, but the species was not a
dominant plant reported in the region at that time (Simpson and
Baruth, 1966). The invasion was still not considered to be extensive as
recently as 20 years ago when P, australis was found only occasionally
in brackish marshes of the region (Chambers et al, 1999). The
dramatic expansion of P. australis in the estuary is therefore a recent
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FIGURE 1

Suisun Marsh in the upper San Francisco estuary of northern California, United States. The location of Suisun Marsh in central California is indicated by
the red square on the right inset map. Managed wetlands are shaded green, and tidal wetlands are brown. There are an estimated 20,562 hectares of

managed and tidal wetlands in Suisun Marsh.
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phenomenon. Thus, while it remains a possible that some native
Phragmites australis subsp. americanus are found Suisun Marsh
(B. Grewell, pers. comm.), the majority of the species in the region are
considered to be the invasive Eurasian lineage (Saltonstall, 2002).

2.2. Random forest classifications

We obtained aerial imagery from 2003 to 2020 taken under the
National Agriculture Imagery Program (NAIP) of the U. S. Department
of Agriculture. In California, these images were collected every 3 years
from 2003 to 2009 and every 2years from 2010 to the present. NAIP
flights are typically conducted from early April to mid-August with
most images of Suisun Marsh collected in May (2012, 2016, 2020) or
June (2003, 2006, 2009, 2014). The exception to this timing was in
2018 when images were taken in July. Aerial imagery obtained just
before peak growth season (late-spring to early-summer in Suisun
Marsh) may allow for early detection of P. australis (Abeysinghe et al.,
2019) which would be helpful to promote a rapid response (Reaser
etal,, 2020); however, P. australis does not reach its peak growth until
the late summer (Rice et al., 2000; Engloner, 2009), and new growth
may not be detected until the subsequent year’s images are taken.
NAIP images from 2003 and 2006 had a 2-meter resolution and
included three color bands: red, blue, and green. From 2009 onwards,
NAIP images included an additional band of near infrared (NIR) and
were processed at a 1-meter resolution. Therefore, our classifications
were built on slightly different image characteristics pre-2009 versus
post-2009; however, our preliminary analyzes indicated that these
resolution  differences were not substantially affecting
our classifications.

We generated classifications from aerial imagery spanning eight
different years over the past two decades: 2003, 2006, 2009, 2012, 2014,
2016, 2018, and 2020. For each year, representative P. australis patches
were selected from the image and manually classified (Tadros et al,
2020) to use as a baseline to automate classification of the entire image.
Phragmites australis often displays a unique, lime-green spectral
signature and forms ovular patches (Kettenring et al., 2016; Figure 2).
These patches were assumed to be homogeneous polygons of
P australis, since the species forms dense monocultures within
1-2years of its initial invasion (Orson, 1999; Holdredge and Bertness,
2011). Separate polygons were manually selected to serve as
“non-P. australis” data for the classifications; these polygons were
much larger than the P. australis polygons and included a wide range
of spectral values including those with signatures similar to P. australis.

For each classification, the P australis and non-P australis
polygons were randomly subset into groups: 70% for training and 30%
for validation (Paz-Kagan et al., 2019). Within the P. australis training
polygons, 3,500 pixels were randomly selected for analysis, and within
the validation polygons, 1,500 pixels were selected. Seven thousand
pixels were randomly selected for analysis from the non-P. australis
training polygons, and 3,000 pixels were randomly selected from the
validation polygons. This process ensured that we maintained the
70:30 split between training and validation data while including
substantially more non-P. australis than P australis pixels in
our models.

Classifications were built with three color bands for 2003 and 2006
and four bands (color and infrared) for 2009-2020. We also included
an additional predictor variable for every year following 2003 which
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described the distance of every pixel from the nearest P. australis pixel
classified on the previous image. Phragmites australis often spreads
rapidly from a source patch (Lathrop et al., 2003; Kettenring et al.,
2011, 2016); therefore, we expected that if P. australis was present in a
given location in 1year, there was a much greater probability of its
presence nearby in the subsequent year. This additional predictor
variable was created as a continuous raster in ArcGIS Pro (ESRI, 2019)
with the “Euclidean Distance” tool from a shapefile of the previous
year’s classification (Eq. 1). Covariate values were extracted at each
P, australis and non-P. australis point in R Studio Version 1.2.5033
(R Core Team, 2021; R Studio Team, 2021). We generated models
from covariates derived from the publicly accessible imagery to
simplify the analysis and make it easier to replicate the classification
for continued future monitoring of P. australis. We used the equation,

Phrag (t)=red (1) + blue(t) + green(r)
+ NIR(t)+ Phrag _Dist(t 1) (1)

where, Phrag(t) is the distribution of P australis at time t, red(t),
blue(t), green(t), and NIR(t) refer to color and infrared values
extracted from NAIP imagery at time t, and Phrag_Dist(t - 1) is the
distribution of P. australis in the previous classification iteration.
We used random forest classifiers (Breiman, 2001; Cutler et al., 2007)
built in R to compare the covariate values of P. australis points against
those of non-Phragmites points. Random forest is a machine-learning
model which generates a series of decision trees that each “cast a vote”
for the most popular output class based on input vectors (Breiman,
2001; Pal, 2005). We conducted preliminary testing on a variety of
other model types including Mahalanobis distance, Maximum
Likelihood, and Spectral Angle Mapping (SAM) on the 2020 NAIP
imagery; however, random forest produced the highest accuracy
metrics and was selected for our analyzes (Supplementary Table S1).

Random forest classifiers were generated using the package
“randomForest” (Liaw and Wiener, 2002), and we employed 500
decision trees. To examine the accuracy of our classifiers, we compared
the classes predicted by the model against the observed classes for our
validation points. This process allowed us to calculate a variety of
accuracy metrics including user’s accuracy, producer’s accuracy,
overall accuracy, and Kappas statistic (Fielding and Bell, 1997;
Kraemer, 2015) for all classifications. User’s accuracy is calculated for
each class separately and describes the proportion of validation points
that were correctly classified by the model. Producer’s accuracy is
similarly calculated for each class separately and measures the
proportion of points classified as a class that are truly that class.
Overall accuracy describes the percentage of all validation points that
were correctly classified by the model. User’s, producer’s, and overall
accuracies are measured on a scale from 0.00 to 1.00 (0-100%). Lastly,
Kappa’s statistic yields a metric similar to overall accuracy, while
accounting for random chance in classification. Kappa’s statistic is
measured from —1.00 to 1.00 with higher values indicating
higher accuracies.

For each year, we ran five random forest models based on a
different random selection of training and validation data and
averaged the accuracy metrics. The singular random forest model
which produced the best accuracy metrics was then used to create a
map of predicted P. australis each year with the package “raster” in R
(version 3.6-11; Hijmans and van Etten, 2012). This process produced
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FIGURE 2

(A) Spectral signature of Phragmites australis subsp. australis and non-P. australis patches. Note that P. australis displays a unique signature and is visible
in a narrow range of red, blue, green, and near-infrared values. (B) Distinct, green patches of P. australis in Suisun Marsh as they appear in the 2020

National Agriculture Imagery Program (NAIP) imagery.

a 2-meter (2003, 2006) or 1-meter (all other years) resolution raster
with values of “1” to represent P australis and “0” to represent
non-P. australis.

2.3. Assessment of spread in Suisun Marsh

For each classification year, we examined a variety of metrics in
ArcGIS Pro to better quantify the spread of P australis.
We calculated the hectares of classified P. australis for each year for
all wetlands, managed wetlands and tidal wetlands, and the
magnitude of change between each classification. We also quantified
the amount of overlap between P. australis from one classification
to the previous classification to determine the extent to which
established patches persisted. This metric served to describe the
spread of P. australis as expansion from existing patches compared
to new emergent patches.

Since the rate of expansion is considered an important component
of invasion (Kettenring et al, 2016), we calculated it on six
representative patches distributed throughout the region that were
present in both 2003 and 2020 (Figure 3). These patches needed to
be spatially distinct from each other and unconfined by natural or
anthropogenic barriers that could inhibit growth (i.e., roads or upland
edges). We chose to measure perimeter expansion, rather than area
expansion, following the methods described in Philipp and Field
(2005). While generally ovular, P australis patches can display
irregular shapes, and we generated ellipses for each patch in each
classification year to reconcile this issue. We found that the area and
semi-major axis of these ellipses matched those of their respective
patches as calculated in ArcGIS Pro, and a perimeter expansion rate
(in meters/year) could be calculated from these ellipses by averaging
the increase or decrease in both the semi-major and semi-minor axes
and dividing by the number of years between classifications.

Frontiers in Ecology and Evolution

2.4. Comparison to VegCAMP manual
classification

We examined the efficacy of our random forest models in
classifying P. australis against a manual classification of the Suisun
Marsh plant communities established in 1999 to detect change in
habitats of the endangered salt marsh harvest mouse (CDFW, 2011;
Askim et al, 2022). The Vegetation Classification and Mapping
Program (VegCAMP) was established by the California Department
of Fish and Wildlife to provide a vegetation mapping standard for the
state (Askim et al, 2022). Observers manually identify plant
associations or species from a mosaic of true-color images collected
in the year of interest to create vegetation maps of key areas in
California including Suisun Marsh (Askim et al., 2022).

VegCAMP maps have been generated from aerial images of
Suisun Marsh taken every 3years since 2000, and each report
documents the vegetation composition that existed 3 years prior (the
2021 VegCAMP release describes the vegetation in 2018, for example).
The 3-year or longer delay in providing the vegetation maps has been
caused by the extensive manual processing and has been considered
to be a shortcoming of VegCAMP, as the outdated information limits
its value for ongoing annual vegetation management. Furthermore,
VegCAMP plant associations are produced on a relatively coarse scale
with the average polygon measuring 0.69ha and the minimum
measuring 0.10ha (Askim et al., 2022) compared to 1-square meter
pixels analyzed with NAIP imagery. Therefore, VegCAMP is unable to
identify small, emergent vegetation patches, while remote sensing
classifications with NAIP offer a quicker, cheaper, and more accurate
method for examining specific vegetation types on a local scale and to
guide invasive species management.

We extracted P. australis polygons from VegCAMP classifications
in ArcGIS Pro by selecting classes labeled Phragmites australis from
the “NVCSName” attribute. We compared the accuracy of VegCAMP
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FIGURE 3
Expanding patches of Phragmites australis subsp. australis on Lower Joice Island, a parcel with both managed and tidal wetlands in Suisun Marsh,
upper San Francisco estuary, northern California, United States. The patches are determined from random forest classifications where different colors
are associated with different years. The growth in the size of existing patches is likely indicative of growth from spreading rhizomes.

relative to our NAIP classifications by (1) measuring the percent
overlap between the two classifications for each year in ArcGIS Pro,
and (2) calculating user’s, producer’s, and overall accuracies from the
P australis and non-P. australis polygons that we outlined to create our
random forest models. Comparisons were made for the 5 years during
which VegCAMP and NAIP overlapped in 2003, 2006, 2009, 2012,
and 2018.

2.5. Generalized linear mixed models

Management of P. australis in Suisun Marsh has been ongoing
since 2000 (S. Chappell, pers. comm.); however, the type of
management practices allowed depends on the type of wetland
(managed or tidal). The Suisun Resource Conservation District
(SRCD) leads a P, australis control program in Suisun Marsh that was
initiated in 2000 to encourage managed wetland landowners to
control P. australis supported by funds from a foundation grant to
subsidize the cost of herbicides for private landowners from 2000 to
2021 (S. Chappell, pers. comm.). Treatment on managed wetlands
including herbicide applications is allowed when the marsh plains are
drained for maintenance work during the mid-summer (July-
September). However, treating P. australis with herbicides is not
allowed on tidal wetlands to protect rapid dispersal into the estuarine
waters, and most non-chemical methods are restricted in tidal
wetlands to protect endangered species habitat. Therefore, land parcels
that include areas open to tides often have source populations of
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P, australis that are essentially untreatable. In addition, Suisun Marsh
is comprised of a mixture of both public and private landowners who
make management decisions independently (Figure 4), and P. australis
management may therefore differ greatly between neighboring
land parcels.

To examine the effect of these management differences for
managed and tidal wetlands, we generated generalized linear mixed
models in R. We assessed the relationship between P. australis growth
on wetland parcels with both managed and tidal areas or on wetland
parcels with neighboring parcels with P. australis. The within-parcel
models were excluded if they did not contain P. australis at any point
between the first and last image. We used the change in area of
P, australis on managed areas for each parcel between classification
iterations as a response variable, the change in area of P. australis in
tidal areas between classifications and parcel size as fixed effects, and
year as a random effect.

For the neighboring parcel models, we included land parcels which
directly shared a border with at least one other parcel that contained
P australis between the first and last image. Also, island parcels or those
separated by sloughs or other sources of permanent water were not
included. We used the change in the area of P. australis in managed
areas for each parcel between classifications as a response variable.
We included the change in area of P. australis in managed areas and
tidal areas in neighboring parcels as fixed effects. The number of
neighbors was also treated as a fixed effect, while year was considered
a random effect. Neighbor statistics were calculated in ArcGIS Pro
using the “Neighborhood Summary Statistics” tool.
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FIGURE 4
Ownership of land parcels in Suisun Marsh, upper San Francisco estuary in northern California, United States. Public lands are displayed in orange and
private land parcels (including nonprofits) are shown in blue.

Before running any models, we tested for collinearity between
covariates using Pearson’s correlation test (Benesty et al., 2009; Sedgwick,
2012; Supplementary Table 52). After running our models, we employed
a likelihood ratio test (package “Imtest™; Zeileis and Hothorn, 2002) to
compare the full model with all covariates against a nested model from
which each fixed effect was removed to identify the influence of individual
covariates on P australis expansion in managed areas. Models were
processed using the “Ime4” package (Bates et al.,, 2015).

3. Results
3.1. Random forest classifications

Random forest classifications of the yearly images included in the
analysis yielded an average overall accuracy greater than 0.90 (Table 1).
For P, australis, user’s accuracy was >0.90 for all years except for 2006
(0.85); producer’s accuracy was 0.90 for all years but 2003 (0.85) and
2006 (0.73). All classifications produced user’s and producer’s accuracies
for non-Phragmites that was >0.90 and consistently >0.95 (Table 1).

3.2. Assessment of spread in Suisun Marsh

In 2003, 463 ha of Suisun Marsh were classified as P australis, but
by 2020, 980 ha were classified as P. australis (a 112% increase over
17years; Figure 5). Phragmites australis peaked in 2018, with 1,547 ha
classified as the invasive species (a 234% increase over 15years;
Figures 5, 6). The largest areal increase between classification years
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occurred between 2016 and 2018 (+392ha); the largest percentage
increase occurred between 2014 and 2016 (+35%). The areal extent of
P, australis increased from the previous year except for in 2 cases: 2009
to 2012 (13% decrease) and 2018 to 2020 (37% decrease; Figure 5).
With a total of about 20,560 ha of wetlands in Suisun Marsh, the 2020
classification indicated that 5% are covered by P. australis with a peak
of 8% in 2018 compared with an initial estimate of 2% in 2003.
We classified 271 ha of P. australis in managed wetlands and 191 ha in
tidal wetlands in 2003 (Figure 6). At its peak in 2018, P. australis had
expanded in managed wetlands by 721 ha (+266%), and by 364ha in
tidal wetlands (+190%).

The perimeter expansion of six representative P. australis patches
averaged 1.32m/year (£ 0.53 SD) over 17 years. Expansion of patch
perimeters ranged from a mean of 0.50 to 2.19 m/year Mean perimeter
expansion was highest between 2012 and 2014 (2.19 +1.25m/year)
and lowest between 2018 and 2020 (0.61 +0.84 m/year; Figure 7). The
largest expansion rate for a single P. australis patch between two
classification years was 4.03 m/year (2012 to 2014); the lowest was
—1.31m/year (2010 to 2012; Figure 7).

3.3. Comparison to VegCAMP manual
classification

VegCAMP manual classifications yielded accuracy metrics >0.90
for all years except 2003 (Table 2). The percent overlap between
VegCAMP and random forest classifications presented here
consistently increased from a low of 19% in 2003 to a maximum of
79% in 2018 (Table 2). In 2003, VegCAMP analyzes estimated 314 ha
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TABLE 1 Accuracy metrics for random forest classifications of Phragmites australis subsp. australis in Suisun Marsh.

2006

Metric 2009

User’s accuracy

2012

2014 2016

Producer’s accuracy

User’s accuracy

Producer’s accuracy

Metrics are an average of five model iterations, each built and tested on a different random subset of data. User’s, producer’s, and overall accuracies are proportions ranging from 0.0-1.0 with
higher values indicating a greater accuracy. The Kappa statistic controls for random chance in classifications and can range from —1.0 to 1.0 with higher values indicating a greater accuracy.
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FIGURE 5
Estimated change in area of Phragmites australis subsp. australis between 2003 and 2020 as classified by random forest models. Columns are
partitioned by wetland type: managed wetlands (orange) are surrounded by levees and have water control structures to regulate flooding and draining,
while tidal wetlands (blue) are open to tidal waters which includes two mixed, daily semi-diurnal low and high tides. Managed wetlands are maintained
during the summer (July—September) after wetlands are drained, while management of tidal wetlands are restricted and must be individually permitted
to protect water quality and listed species. Labels above the bars indicate the total estimated area (in hectares) of P. australis in all wetlands for each
classification year and show an increasing trend of P. australis over the past 2 decades.

of P. australis in Suisun Marsh while in 2018, VegCAMP analyzes
estimated 1,739 ha (a 453% increase).

3.4. Generalized linear mixed models

We analyzed 227 land parcels of varying size (137ha+274) in
Suisun Marsh, and of those, 186 had P. australis at some point during
the study period. During this time frame, one third of parcels (61, 33%)
showed a decrease in P. australis on their managed areas. For the
within-parcel analysis, we included 167 parcels that possessed both
managed and tidal areas within their boundaries. The change in area
of P australis in tidal areas within a parcel had a statistically significant
effect (p<0.01) on the change in P, australis in the managed areas of the
same parcel. Change in area of P. australis increased with increasing
parcel size, but the effect was not significant (p=0.06; Table 3).
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Our adjacent neighbor models included 178 parcels that shared a
border with at least one other parcel and that had P. australis between
2003 and 2020. The number of adjacent neighbors ranged from 1 to
16, with a mean of 4.3 (+ 2.2). Increasing P. australis in both tidal and
managed wetlands of adjacent neighboring parcels had a significant
effect associated with the change in area of P. australis in managed
areas as did the number of adjacent neighbors (Table 4).

4. Discussion

Understanding the historical expansion of P. australis as well as
potential mechanisms that promote its growth may help landowners
and conservation practitioners implement effective management plans
to combat its continued spread (Meyerson et al., 2010a,b; Hazelton
et al,, 2014; Long et al., 2017b). We used publicly accessible NAIP
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FIGURE 6
Expansion of Phragmites australis subsp. australis in Suisun Marsh, upper San Francisco estuary, northern California, United States from the first
classification year (2003, lime green) to the most recent peak extent in 2018 (pink). We estimated 463 hectares of Phragmites in 2003, which expanded
to a peak in 2018 (1,547 hectares; 234% increase).

imagery to create a simple, replicable, but highly accurate classification
for P. australis to document the historical expansion of the invasion.
Our results indicated that P. australis has expanded substantially in the
region over the past two decades despite extensive management efforts
to control it. We also found that P. australis expansion in managed
wetland areas in Suisun Marsh may be related to the extent of invasion
in tidal areas within the same parcel or in neighboring parcels of
managed or tidal wetlands.

4.1. National Agriculture Imagery Program
(NAIP) classifications and the expansion of
Phragmites australis in Suisun Marsh

The results produced by our classification models highlighted the
challenges of managing an invasive species over large temporal and
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geographic scales. Phragmites australis has increased substantially and
consistently in Suisun Marsh over the past 2 decades, and the 234%
increase in P. australis extent or 16%/year rate was greater or more
rapid than results published from other ecosystems (Wilcox et al.,
2003; Philipp and Field, 2005; Ji et al., 2009). In Lake Erie, a 152%
increase in P, australis was reported between 1945 and 1999 (3%/year,
Wilcox et al., 2003), and a 242% expansion was estimated in the
Liahoe Delta of China between 1953 and 2006 (5%/year, Ji et al.,
2009). Similarly, the perimeter expansion rate of P. australis in wetland
ecosystems has varied considerably (Burdick et al., 2001; Philipp and
Field, 2005; Fussell et al., 2015; Kettenring et al., 2016), but the mean
perimeter expansion rate estimated here (1.32m/year) was higher
than most other estimates in the literature. For example, In the
wetlands of Delaware and Maine, P. australis perimeter expansion was
calculated at a mean of 0.91 and 0.70m/yr (Philipp and Field, 2005;
Fussell et al., 2015).
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Perimeter Expansion Rate (m/yr)

FIGURE 7

for Patch 5 (dark blue) in 2012.

Classification Year

Perimeter expansion rates for six representative Phragmites australis subsp. australis patches distributed across Suisun Marsh shows consistent
increases in the growth of patches. The perimeter expansion was calculated from 2006 to 2020 and indicated a consistent rate of linear increase that
would result in an exponential increase in area. The average expansion rate of the six patches is displayed by a black dashed line. Data was unavailable
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TABLE 2 Accuracy and comparison metrics for VegCAMP manual classifications of Phragmites australis subsp. australis.

Metric

User’s accuracy

0.79

0.77

0.94

0.97

NAIP (hectares) 463 586 766 665 1,547
VegCAMP (hectares) 314 460 739 1,006 1738
Overlap (hectares) 89 119 253 373 1,226
Overlap (percent; relative to NAIP) 19 20 33 56 79

0.99

Producer’s accuracy

User’s accuracy

1.00

1.00

1.00

1.00

1.00

1.00

0.97

0.99

1.00

1.00

Producer’s accuracy

0.96

0.94

0.97

0.99

1.00

Metrics were calculated only for years in which VegCAMP and NAIP overlap. User’s, producer’s, and overall accuracies are proportions ranging from 0.0-1.0, with higher values indicating a

greater accuracy. The Kappa statistic controls for random chance in classifications, and can range from —1.0 to 1.0, with higher values indicating a greater accuracy.

The patch expansion rate that we estimated combined with a
larger and more rapid increase in total area suggests that our brackish
study site may be particularly susceptible to the invasive P australis
growth and expansion. Previous studies have shown that the species
is especially adept at invading disturbed areas, and its detrimental
impact is aggravated by anthropogenic activities (Saltonstall, 2002;
Mozdzer et al., 2013; Hazelton et al., 2014; Kettenring et al., 2015).
Wide variation in annual precipitation in this Mediterranean climate
region may likewise play a role in the P. australis expansion reported
in this study. Average perimeter expansion of P. australis patches was
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highest in 2014 (2.19m/yr) a drier period regionally, and lowest in
2012 (0.50m/yr) during a comparatively wetter period (California
Nevada River Forecast Center, National Ocean and Atmospheric
Administration). Phragmites australis may therefore be able to
withstand, if not thrive, in years of water deficit (Patger et al., 2005;
Touchette et al., 2007), as it has been shown to rapidly expand in
extreme low-water conditions elsewhere (Eller et al., 2017).

Other classification types, including object-based classification,
texture analysis, and hyperspectral classification, have been used to
model the distribution of P. australis (Arzandeh and Wang, 2003;
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TABLE 3 Likelihood ratio tests indicated that increases in growth of
Phragmites australis subsp. australis in managed areas were related to
change in area of P. australis in tidal areas on the same land parcels
between two subsequent iterations of our random forest classifications.

Model DF Chi-Sq Value of p
Full (all covariates) 5 --- ---
Change in tidal P. australis 4 52.0 <0.01
Parcel size 4 3.6 0.06

Null (no fixed effects) 3 56.5 <0.01

The response may have been related to parcel size, but the effect was not significant.
Classification year was included as a random effect. All model comparisons were made
relative to the full model.

TABLE 4 Results of likelihood ratio tests assessing the effect of change in
area of Phragmites australis subsp. australis in managed and tidal areas of
adjacent neighboring land parcels on the change in area of P. australis in
managed areas on a given parcel between two subsequent iterations of
our random forest classifications.

Model DF Chi-Sq Value
of p
Full (all covariates) 6 --- ---
Change in neighbors’ tidal P. australis 5 13.8 <0.01
Change in neighbors’ managed P. australis 5 5.45 0.02
Number of neighbors 5 532 <0.01
Null (no fixed effects) 3 74.6 <0.01

Classification year was included as a random effect. All model comparisons were made
relative to the full model.

Pengra et al., 2007; Samiappan et al., 2017; Abeysinghe et al., 2019).
These previous efforts have consistently yielded accuracies over 0.80
but rely on more expensive methods of data collection (Abeysinghe
et al, 2019). The accuracies produced from NAIP imagery were
generally higher (> 0.90) and provide a more replicable and cost-
effective option for wetland managers interested in monitoring
P, australis distributions in the future (Walter and Mondal, 2023).
Similarly, the use of publicly available imagery to create our
classification will remove a barrier to continuous and long-term
monitoring of the invasive species (Walter and Mondal, 2023). The
ability to effectively monitor P. australis in the long term has shown to
be critical in successfully managing the invasive species, but logistical
and financial constraints are among the strongest deterrents to long-
term monitoring (Hazelton et al., 2014; Long et al., 2017a; Quirion
et al, 2018). Having a simple, replicable, and highly accurate
classification model, is therefore valuable to ensuring future
monitoring and successful control of P. australis. Managers interested
in assessing the distribution or expansion of any invasive species
should consider using publicly-available imagery like NAIP
where applicable.

4.2. Remote sensing and manual
classification accuracy: the potential for
informing management

Our results on P, australis expansion generally agreed with results
from the lengthy manual classification method conducted under
VegCAMP. While VegCAMP may provide the accurate distribution
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of large P. australis patches, the size of the polygons analyzed limits its
ability to identify small, emergent patches. This finding is further
reinforced by the increased percent overlap between our random
forest classifications and the VegCAMP analyzes. As P australis
patches become pervasive and more established, the overlap between
the two classifications became larger (~80% in 2018).

In contrast to VegCAMP, our classifications built with remote
sensing imagery can be generated in days, yield comparatively high
accuracy metrics, and have the potential to effectively locate not only
large patches but also emergent P. australis growth to support EDRR
management (Huang and Asner, 2009; Bradley, 2014). The use of
publicly available imagery also provides a much cheaper alternative to
VegCAMP which costs 10 to over a hundred thousand dollars for each
iteration (R. Klingonsmith, Department of Water Resources, pers.
comm.). Finally, the rapid processing time of our classification allows
better adaptive management to identify and target new invasions in
real time (Huang and Asner, 2009; Bradley, 2014).

Despite the high accuracies produced by all of our classification
iterations, certain shortcomings may be present. During its primary
growth season, P. australis displays a distinct bright green signature
and clusters of the invasive tend to form large, ovular patches
(Kettenring et al., 2016). The classifications produced here were built
upon these features; however, P. australis patches can demonstrate
other visual characteristics. Before annual growth commences or
toward the conclusion of its annual lifespan, P. australis patches may
appear brown or beige (Figure 8). These brown marcescent patches
can be difficult to distinguish and isolate given their visual similarity
to a variety of other plants.

Similarly, annual precipitation varies considerably in this system,
and in drier years P. australis biomass may be less visibly apparent
despite its continued presence. Phragmites australis in Suisun Marsh
increased steadily from 2003 to 2018 before dropping almost 50%
between 2018 and 2020. This dramatic decrease could be attributed to
precipitation in the rainy season preceding the 2 years which affected
their color rather than an actual reduction in P. australis. October
2016-April 2018 yielded 145.8 cm of rain, while October 2018-April
2020 yielded just 114.6 cm (California Nevada River Forecast Center,
National Ocean and Atmospheric Administration).

Also, other variation among years could have affected the results
of our classification. The 2018 NAIP imagery was collected in July (all
other years were collected in May or June), and biomass of P. australis
is likely greatest later in the summer (Rice et al., 2000; Engloner, 2009).
Ideally, classifications targeting P australis or plants which grow
through the summer would use aerial imagery taken at the end of the
peak growing season. In addition, P. australis can be affected by the
annual management of water in managed wetlands (Rohal et al,
2019a). Year-to-year changes occur when landowners flood or drain
their land parcels with leach cycles to reduce soil salinities on different
schedules depending on the availability and water quality (salinity) of
applied water. It may affect when and how long the P. australis growth
season occurs and when P. australis is most visible from the air.
Recognizing the limitations in classifying P. australis from aerial
imagery is crucial for interpreting the distribution maps presented
here and for creating management plans based on the findings.

The unique spectral signature of healthy P. australis allowed for
the development of a highly successful classification based primarily
on color attributes. Unfortunately, the historical nature of this study
limited our ability to include ground-truthing data for the NAIP data.
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FIGURE 8

Effects of drought or seasonality on the visualization of Phragmites australis subsp. australis in Suisun Marsh, upper San Francisco estuary, northern
California, United States. Vibrant, green patches of P. australis (2018) may appear as senesced and brown (2020) in drier years or earlier in the growing
season. Our models were not trained to identify brown patches of P. australis.

We encourage scientists and wetland managers to employ ground-
truth data to support the remote-sensing classifications when possible.
The manual selection of training and validation P. australis polygons
with aerial images can introduce human error and biases, and while
we are confident that the polygons selected for our classifications were
P, australis, ground-truth data would confirm our assessment. With
adequate planning, the polygons used for classification could
be outlined in the field to provide a more accurate training and
validation data set for models. Ground-truth data also is valuable to
better identify very small and emergent patches of P. australis (<5m?)
that would benefit remote-sensing classifications (Huang and Asner,
2009; Bradley, 2014) and allow implementation of EDRR management
practices. Ground-truth data are best collected in the field
concurrently with aerial imagery flights to ensure that temporal
mismatches in phenology are avoided.

4.3. Drivers of Phragmites australis
expansion and management implications

Control of P. australis in Suisun Marsh has included ground and
aerial herbicide spraying, burning, mowing, and disking (S. Chappell
pers. comm.). While P, australis has spread dramatically over the past
two decades despite these efforts, it is important to note that P. australis
management has not been completely ineffective. Although we lack a
database to indicate which specific wetland areas were treated, 61 land
parcels showed a decrease in P. australis between 2003 and 2020
despite the 111.6% increase in P. australis overall. It is likely that
without management efforts, the current distribution of P. australis
would be much more expansive. Instead, our findings reinforce the
difficulty in managing a pervasive and highly successful invasive
species at a large scale (Kettenring et al., 2011; Hazelton et al., 2014)
and the importance of consistent, multi-year treatment programs
(Rohal et al., 2019a,b). Innovative solutions may be needed to help
reduce the pervasive spread of P. australis. For example, advancements
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in drone technology have produced an effective alternative for treating
plant invasions (Shahbazi et al., 2014; Roslim et al., 2021; Takekawa
et al, 2023). Small survey drones can shoot high-resolution imagery
of small-to-medium geographic areas relatively quickly (KKoh and
Wich, 2012; Cruzan et al, 2016), after which spray-drones can
precisely target invasive plants to treat with herbicides (Martinez-
Guanter et al., 2019; Takekawa et al., 2023).

In addition, alternative factors to individual management efforts
may influence P. australis expansion. Natural processes, such as
wildfire, flooding, and drought, may also influence P. australis
distributions (Thompson and Shay, 1985; Patger et al., 2005; Touchette
et al, 2007; Eller et al, 2017) in addition to limiting herbicide
effectiveness (i.e., P australis response to herbicide is diminished
under drought conditions, Rohal et al., 2019a,b). Also, P. australis in
Suisun Marsh may be developing a resistance to herbicide, which
could contribute to its unrelenting spread. Little is known about
P, australis and herbicide resistance (Wang et al., 2017; Blossey et al,
2020), but resistance has been demonstrated on a variety of other
wetland or aquatic plants, such as Hydrilla verticillata and Agrostis
stolonifera (Bollman et al., 2012; Simberloff and Leppanen, 2019).
Such resistance can severely hinder management efforts by failing to
kill invasive plants and creating even stronger and more pervasive
strains (Peterson et al,, 2018).

Our within-parcel model showed that the change in P. australis in
managed areas was significantly correlated with the change in
P, australis in tidal areas within the same parcel. Most managed areas
are bordered by tidal areas on the exterior side of the levee; P. australis
in these tidal areas are likely the primary source that spread into the
managed wetlands. P. australis has been shown to spread 0.5-10
kilometers via seed transmission, and rhizome fragments can spread
clonally via water drift (Fér and Hroudova, 2009; McCormick et al.,
2016). Continuous monitoring of P. australis will help ensure curtail
its spread, but long-term monitoring has been expensive and time-
consuming (Hazelton et al, 2014; Long et al., 2017a; Quirion et al.,
2018). Our classification method that uses NAIP imagery may help to
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reconcile these issues and provide a simpler way to promote long-
term monitoring.

Varying management efforts between adjacent neighboring
parcels has also inhibited the overall eradication of P. australis. Our
results show that the change in P. australis over time on managed areas
of a parcel was associated with the change in P. australis on the tidal
and managed areas of neighboring parcels. The number of neighbors
bordering a parcel was also a significant factor influencing P. australis
growth. Our results highlighted the complexity of P australis
management in a diverse landscape (Epanchin-Niell et al., 2010).
Co-management of invasive species has shown to be a crucial aspect
of successful eradication of detrimental plants (Graham, 2019;
Graham et al, 2019; Clarke et al, 2021), including P australis
management in other regions (Young and Kettenring, 2020). The
different ownerships that comprise Suisun Marsh create a landscape
in which collaboration is essential to protecting health of the overall
ecosystem. There is a clear need for more research on the social
aspects of P australis management, including decision-making
processes, in order to establish an adaptive and cooperative treatment
strategy where neighboring parcels, as well as private and public
entities, work together more closely to halt the spread of this disruptive
invasive species (Young and Kettenring, 2020; Conrad et al., 2023).
Conservation practitioners in similarly complex social-ecological
landscapes will need to consider these factors when managing their
invasive plants.
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