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ABSTRACT

ARTICLE HISTORY

This study investigates the utility of an oﬀ-the-shelf, consumer-grade
unmanned aerial vehicle (UAV) for invasive species mapping in a
lacustrine fringe environment. Speciﬁcally, this work sought to determine whether such a UAV would be capable of creating accurate
maps of the extent of patches of an invasive plant, yellow ﬂag iris (Iris
pseudacorus L.), more eﬃciently than could be accomplished by a
traditional ﬁeld survey, which is often considered in the literature to
provide the most accurate maps. The study was conducted at two
lakes in the central interior of British Columbia. The UAV used in this
study was a DJI Phantom 3 Professional that can acquire images
using the built-in 12.4 MP digital camera. This UAV was selected
because it is representative of the type of aerial platform that is easily
accessible to invasive plant managers in terms of cost, ease of use,
and lack of legal restrictions. Three methods of mapping the yellow
ﬂag iris were compared: (1) ﬁeld survey, (2) manual interpretation of
the raw UAV-acquired imagery and the orthoimage created from
these data, and (3) pixel-based classiﬁcation of the orthoimage created from the UAV imagery using a random forest classiﬁer. The
results revealed that, at both lakes considered, manual interpretation
of the UAV-acquired imagery produced the most accurate maps of
yellow ﬂag iris infestation, with a false-positive and false-negative
classiﬁcation rate of less than 1%.
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1. Introduction
Invasive plants are exogenous species that are introduced into new environments (often by
human activity) and which rapidly expand, modifying the structure and function of the
invaded ecosystems and homogenizing diverse biotic communities (Pyšek and Richardson
2010; Qian and Ricklefs 2006). This rapid ecosystem change has signiﬁcant negative impacts
(Hawthorne et al. 2015; Fernandes et al. 2014). In the USA, invasive species have contributed
directly to the decline of 42% of the threatened and endangered species and pose an
annual environmental and economic cost totalling US $120 billion a year (Andreu, Vila, and
Hulme 2009; Pimentel, Zuniga, and Morrison 2005). Invasive plants in aquatic ecosystems
account for approximately $155 million of this cost (Pimentel, Zuniga, and Morrison 2005).
CONTACT David J. Hill
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Invasive species cost Canada approximately $30 billion Canadian dollars (CAD) a year, with
$2.2 billion CAD being directly related to invasive plants (Canadian Food Inspection Agency
2014). In 2006, the Canadian Province of British Columbia (BC) spent $7 million CAD on
invasive plant management, and without continued intervention, invasive species are
projected to cost BC $139 million CAD per year by 2020 (Invasive Plant Council of BC
2006). Freshwater ecosystems are especially vulnerable, as regime shifts, or large changes in
the state of the system in response to small changes in the driver, are common within these
ecosystems (Havel et al. 2015).
One of the chief challenges with invasive plant management within aquatic ecosystems
is detection and mapping (Adam, Mutanga, and Rugege 2010; Malanson and Walsh 2013).
Traditional methods of surveying typically include on-foot meander surveys and boating
methods, both of which are time consuming and often inadequate due to poor accessibility
(Underwood, Ustin, and DiPetro 2003). Therefore, invasive species in aquatic ecosystems are
likely underreported and poorly monitored. Furthermore, this ﬁeldwork exposes the ﬁeld
crews to potential safety risks, especially in wetland environments (Michez et al. 2016). For
this reason, Worker’s Compensation Board insurance rates in the Province of British
Columbia are 85% higher for work requiring a boat, compared to land-based work
(Workers Compensation Board of British Columbia, personal communication, 2016).
Remote sensing has been investigated for mapping invasive plant species. Tree and
shrub species have been identiﬁed using high-resolution multi/hyperspectral measurements from satellite (Ai et al. 2016; Barbosa et al. 2016; Hill, Prasad, and Leckie 2016;
Laurin et al. 2016; Peerbhay et al. 2016; Peña and Brenning 2015; Rembolt et al. 2015; Tai
and Wang 2014; Amiri, Solaimani, and Miryaghoubzadeh 2013; Shouse, Liang, and Fei
2013; Proctor, Robinson, and He 2012; Somodi et al. 2012), conventional aircraft (Ferreira
et al. 2016; Santos et al. 2016; Tochon et al. 2015; Atkinson, Ismail, and Robertson 2014;
Marshall, Lewis, and Ostendorf 2014; Mirik et al. 2013a, 2013b; Shouse, Liang, and
Fei 2013; Dorigo et al. 2012; Somodi et al. 2012; Jones et al. 2011), and balloon (Silva
et al. 2014) platforms. In these studies, the two key challenges in achieving reliable
classiﬁcations have been (1) acquiring suﬃciently high spatial resolution data to resolve
individual plants, (2) identifying appropriate spectral bands to discriminate the target
species from the surrounding vegetation, and (3) identifying suitable radiometric resolution to discriminate target weeds from background vegetation. This challenge becomes
even more acute when attempting to identify smaller, herbaceous species. Several
researchers (Michez et al. 2016; Hung, Xu, and Sukkarieh 2014; Müllerová, Pergl, and
Pyšek 2013; Dorigo et al. 2012) have shown that high-resolution imagery (panchromatic,
visible, multispectral, and/or hyperspectral) can be used to identify these plants if they
grow in patches that are large compared with the spatial resolution of the speciﬁc
remote-sensing imager and have a phenological stage in which they are easy to identify
relative to the surrounding vegetation. Müllerová, Pergl, and Pyšek (2013) showed that
giant hogweed (Heracleum mantegazzianum L.), which reaches a height of 2–5 m, could
be readily identiﬁed in high-resolution aerial imagery during its ﬂowering stage, when it
produces blooms that are 80 cm in diameter. Identiﬁcation was limited, however, when
giant hogweed was not ﬂowering. Michez et al. (2016) and Dorigo et al. (2012) demonstrated that the supervised classiﬁcation of multispectral (visible and near-infrared)
imagery can be used to identify giant hogweed; however, two other species considered,
Himalayan balsam (Impatiens glandulifera L.) and Japanese knotweed (Fallopia japonica
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L.), could not be easily identiﬁed, as they did not grow in large, dense patterns or
present an easily identiﬁable phenological trait that could be reliably identiﬁed by the
object-based random forest classiﬁer that the researchers created. Finally, Hung, Xu, and
Sukkarieh (2014) investigated the image resolution necessary to identify three invasive
species: serrated tussock (Nassella trichotoma L.), tropical soda apple (Solanum viarum L.),
and water hyacinth (Eichhornia crassipes L.). The study showed that higher image
resolutions, achieved by low ﬂying heights, were necessary to identify individual plants,
whereas area infestations can be more easily identiﬁed in lower-resolution images.
Obtaining aerial imagery when the target plant species is representing a notable
phenological characteristic (e.g. ﬂowering), however, requires the ability to acquire aerial
images with little advance notice. Additionally, capturing temporal changes in phenological development, such as reaching leaf-out earlier than the surrounding vegetation
(Hestir et al. 2008), requires multiple image-acquisition times throughout the growing
season. Capturing imagery at multiple times per year, or on speciﬁc dates, represents a
ﬁnancial challenge for land managers, when using conventional aircraft. Furthermore,
minimum safe height restrictions for operating a conventional aircraft limit the resolution of the acquired images, a particularly important consideration if small features, such
as blooms, must be resolved in order to identify the plant. New high-spatial resolution,
high-temporal repeat satellites such as Planetlabs may serve to improve invasive species
mapping; however, this imagery will be of lesser value when the invasive plants are
growing beneath a forest canopy.
Owing to the low cost and increasing capability of unmanned aerial vehicles (UAVs) for
image acquisition, researchers have recently begun to explore this technology for mapping invasive species (Michez et al. 2016; Dvořák et al. 2015; Hung, Xu, and Sukkarieh 2014;
Wan et al. 2014; Knoth et al. 2013; Peña et al. 2013; Zaman, Jensen, and McKee 2011). Not
only do UAVs have the potential to increase the eﬃciency and frequency of invasive
species mapping, but they can also serve to improve the safety of those individuals
performing the mapping. Multirotor UAVs, such as quadcopters, provide a stable platform
from which to acquire aerial images and can take oﬀ and land vertically. Thus, this type of
UAV requires only a small area from which to operate (Dvořák et al. 2015; Peña et al. 2013).
Additionally, this type of UAV can ﬂy at low elevations over the land surface and at slow
speeds, which are required for very high spatial and spectral resolution imaging (Hung, Xu,
and Sukkarieh 2014; Knoth et al. 2013; Peña et al. 2013).
Previous works on mapping invasive species with UAVs have explored both pixelbased (Wan et al. 2014; Zaman, Jensen, and McKee 2011) and object-based (Michez et al.
2016; Hung, Xu, and Sukkarieh 2014; Knoth et al. 2013; Peña et al. 2013) classiﬁcation
methods to identify the species of interest from the acquired images. Performance of
the classiﬁcation method was measured by comparing the classiﬁer’s output to a
validation set of human-classiﬁed pixels/objects, and it was implied without empirical
validation that the ﬁeld-based quantiﬁcation of the extent of the infestation would likely
be more reliable (e.g. Dvořák et al. 2015; Knoth et al. 2013). Furthermore, most of these
studies utilized sensing platforms composed of multi/hyperspectral imagers and large
(often ﬁxed-wing) UAVs, which are not only expensive to acquire, but also often more
strictly regulated, and therefore not as easily accessible to invasive plant managers.
This study investigates the use of an inexpensive, light-weight, oﬀ-the-shelf UAV
imaging system that is representative of the type of platform that would be easily
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accessible to invasive plant managers for mapping (Hung, Xu, and Sukkarieh 2014). Two
methods of analysing the imagery acquired by the UAV platform will be explored: (1)
visual analysis of the individual images and the orthomosaic image created from them
and (2) supervised, pixel-based image classiﬁcation of the orthomosaic image. These two
UAV-based methods will be compared to a typical ﬁeld-based method for quantifying
the location and extent of an invasive herb species, yellow ﬂag iris (Iris pseudacorus L.), in
lacustrine fringe environments. The comparison will be based on accuracy and the time
required to perform the mapping on two lakes in the central interior of British Columbia.
The next section provides background information on yellow ﬂag iris and describes each
of the lakes examined in this study. Thereafter, the methods for quantifying both
location and extent of yellow ﬂag iris invasion in each of the two lakes are subsequently
described. Results from the three mapping methods are presented, followed by a
discussion on the strengths and weaknesses of each approach. Finally, conclusions are
provided and recommendations are made on how to successfully integrate UAVs into
invasive species monitoring.

2. Study area and invasive species
Two lakes within the central interior of BC were used to evaluate the performance of the
methods used to quantify the location and extent of yellow ﬂag iris invasion. The
geographical location of these two lakes is illustrated in Figure 1, and each lake is
described in detail below.

2.1. Yellow ﬂag iris
Yellow ﬂag iris is a perennial emergent aquatic plant that is native to Europe, western
Asia, and North Africa. The plant has sword-shaped leaves that can reach up to 1.5 m in
height and develops a bright yellow ﬂower approximately 8 cm in diameter when in
bloom (Stone 2009). Yellow ﬂag iris was introduced to North America as an ornamental
plant species and continues to be a popular choice for ornamental gardening; however,
it readily invades new areas via seeds and rhizome fragments. Because the species has a
very high carbohydrate storage capacity in the rhizomes (Taylor, unpublished, cited in
Sutherland 1990), a single rhizome can create a rapidly expanding population
(Sutherland 1990). The success of this species may be due, in part, to the plant’s ability
to quickly colonize from rhizome fragments along with the high buoyancy displayed by
the seeds, which can ﬂoat for over a year before establishing on a suitable substrate
(Coops and Van Der Velde 1995; Van Den Broek, Van Diggelen, and Bobbink 2005), as
well as the drought tolerance of the rhizomes, which can remain viable without water
for up to 3 months (Sutherland 1990).
In western North America, yellow ﬂag iris typically invades lacustrine fringe ecosystems (i.e. the wetland ecosystems that are found surrounding lakes). In these ecosystems, yellow ﬂag iris occurs in monocultures, or in mixed stands with broadleaf cattail
(Typha latifolia L.) (Lakela 1939; Preece 1964; Rubtzoﬀ 1959), and can grow in water
depths ranging from 0 to 100 cm (Preece 1964). Although yellow ﬂag iris is typically
associated with sites with continuous high soil-water content, it can also grow in dry,
sandy soils (Dykes 1974, cited in Sutherland 1990). Yellow ﬂag iris tolerates a wide range
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Figure 1. Location of Dutch and Little White Lakes within the Canadian Province of British Columbia.
Map is rendered in the BC Environment Albers Equal Area Conic projection. Data sourced from
Natural Resources Canada, Free Data – GeoGratis Web site: https://www.nrcan.gc.ca/earth-sciences/
geography/topographic-information/free-data-geogratis/11042.

of soil pH, from 3.6 to 7.7 (Unit of Collaborative Plant Ecology, unpublished, cited in
Sutherland 1990), but prefers high nutrient sites (Ellenberg 1979, cited in Sutherland
1990). Once established, yellow ﬂag iris is known to change the hydrology and ecosystem complexity and functioning of an area, thereby reducing the critical habitat for
native plant and animal species (Clark, Mittrick, and Shonbrun 1998; Pathikonda et al.
2008; Raven and Thomas 1970; Thomas 1980).

2.2. Dutch lake
Dutch Lake is located within the town of Clearwater, BC. The lake has an area of 3.9 km2,
is situated at 765 m above mean sea level, and receives an average yearly rainfall of
427 mm (Nordin 1982). The Dutch Lake shoreline is extremely narrow with a closed
canopy forest system that is dominated by conifer species that come up to the water’s
edge; thus, the forest canopy overhangs the majority of the Dutch Lake shoreline.
Additionally, there is very little emergent aquatic native vegetation (i.e. cattails, sedges,
or rushes). The narrow shoreline and dense canopy to the water’s edge impede a clear
line of sight from the above (aerially), while presenting an excellent line of sight from
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the water (e.g. on a canoe). At the time of the data collection, nearly the entire shoreline
of Dutch Lake was invaded by yellow ﬂag iris, much of it in bloom.

2.3. Little White Lake
Little White Lake is located 10 km northeast of the small community of Balmoral, BC. The
lake has an area of 5.67 km2 and is situated at 470 m above mean sea level, with an
average yearly rainfall of 390 mm. The shoreline vegetation is a closed-canopy forest
system dominated by conifer species. However, the shoreline is quite wide, and in many
locations there are expansive patches of tall emergent aquatic native vegetation, including cattails, sedges, and rushes. The expansive shoreline is easily viewed from an aerial
platform because it is not obscured by the tree canopy. At the same time, the large
patches of tall native vegetation species block observation of the shoreline from the
water. At the time of data collection, only small patches of yellow ﬂag iris were present
on the shoreline of Little White Lake. These patches were interspersed with native
vegetation, including cattails.

3. Methods
This study investigates three methods for mapping yellow ﬂag iris in lacustrine fringe
environments: (1) ﬁeld survey, (2) manual interpretation of UAV imagery, and (3) pixelbased classiﬁcation of UAV imagery. Each method was conducted by a separate team of
analysts in order to avoid biasing the results of each analysis method.

3.1. Field estimation
The two lakes were surveyed in a similar manner. Both were inventoried from the water
in a canoe. A two-person crew paddled along the shoreline and visually scanned the
shoreline for yellow ﬂag iris. Patches of yellow ﬂag iris were surveyed using an iPad
running the GIS Pro software. This software allows the survey crew to record geolocations via the GPS device integrated into the iPad. The Washington State Department of
Natural Resources has evaluated the positional accuracy of the integrated iPad GPS to be
10 m (Goldmark n.d.). Little White Lake was inventoried on 2 June 2016 and Dutch Lake
on 15 June 2016. At both sites, yellow ﬂag iris was in full bloom at the time of survey. At
Little White Lake, the crew recorded the vertices of a polygon surrounding each yellow
ﬂag iris-infested area using the iPad running the GIS Pro software. At Dutch Lake,
however, crews were not able to access the on-shore infestations due to limited shoreline access and extensive private property. For this reason, the ﬁeld crew simply created
a linear track using the iPad and GIS Pro software along sections of the shoreline where
yellow ﬂag iris infestation was observed. The area of the infested sites at Dutch Lake was
estimated by buﬀering the recorded tracks of the shoreline to a width of 130 cm. The
depth of this buﬀer was selected based on ﬁeld observation.
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3.2. UAV image acquisition and orthomosaicking
Aerial imagery was acquired with a DJI Phantom 3 Professional that was equipped with a
built-in 12.4 MP visible light (RGB) camera. A three-axis gimbal integrated with the UAV’s
inertial navigation system stabilized the camera during ﬂight. Geolocation of the UAV at
the time of the image acquisition is provided by a Global Navigation Satellite System
receiver that can receive signals from both the GPS and the GLONASS satellite constellations. The remote controller for the UAV operates on a 2.400–2.483 GHz frequency,
whereas the ﬂight plan was designed in the Pix4Dcapture app that was loaded onto a
Samsung Galaxy S5 phone that operates on Android version 6.0.1. This UAV was selected
because it is integrated (i.e. includes camera and gimbal), inexpensive, and weighs only
1.3 kg, and therefore can be ﬂown with few legal restrictions in Canada (Transport
Canada 2016) and many other jurisdictions.
Because yellow ﬂag iris is found at the water–land interface, all ﬂight plans were
designed to capture the shoreline of each lake in the most comprehensive way possible.
Images were acquired during a gridded ﬂight pattern that provided 85% image overlap.
The grid was ﬂown at 50 m elevation above the take-oﬀ point and at a ﬂight speed of
6 m/s. This ﬂight elevation and speed were selected because they provided a ground
sampling distance of 2.26 cm, which results in approximately 4 pixels per yellow ﬂag iris
ﬂower. For Little White Lake, the camera tilt angle was set to 0° with respect to nadir.
However, due to coverage of the shoreline by the forest canopy at Dutch Lake, images
at this location were acquired at an angle of 45° from nadir. A total of 1106 and 1568
images were acquired at Dutch and Little White Lakes, respectively. The aerial images
were processed by Pix4D v 2.1 to generate a 2D orthomosaic, at a resolution of 2.26 cm/
pixel, of the shoreline around each lake. Geolocational accuracy of the generated
orthomosaic image was estimated by comparing the orthomosaics to the imagery
provided by Environmental Systems Research Institute's (ESRI's) world imagery map
service (ESRI. 2016). This service provides 1 m or better imagery covering both Little
White Lake and Dutch Lake. The accuracy is estimated as the mean squared error (MSE)
measured in metres between tie points identiﬁed in the ESRI world imagery and the
UAV-based orthomosaics. For each lake, 20 tie points were used, resulting in an MSE of
0.29 and 0.38 for Little White Lake and Dutch Lake, respectively.

3.3. Manual interpretation of the UAV imagery
Images from the Little White Lake site were collected with the camera directed vertically
downwards from the UAV. The resulting orthomosaic was used to identify yellow ﬂag iris
patches around the shoreline of each lake. Because of its notable yellow ﬂower and the
shape of its foliage, yellow ﬂag iris is readily visible in the 2.26 cm-resolution orthomosaic images. When a patch of yellow ﬂag iris was identiﬁed, its location was digitized
using ArcMap version 10.2.2.
The Dutch Lake site was ﬂown with the camera at a 45° angle from nadir in order to
view the shoreline beneath the forest canopy. Yellow ﬂag iris patches identiﬁed from the
2D orthomosaic or areas with canopy coverage that were suspected of having yellow
ﬂag iris present were conﬁrmed by viewing the corresponding raw UAV-acquired aerial
imagery. A polygon encompassing the yellow ﬂag iris identiﬁed by either method was
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added to the georeferenced map in ArcMap. In each case, the polygons that were drawn
to indicate a yellow ﬂag iris patch were meant to encompass both the ﬂower and the
leafy vegetation that comprise the plant.

3.4. UAV image automated classiﬁcation
Supervised classiﬁcation of yellow ﬂag iris in the orthoimage created by Pix4D was
performed in the R language (R Core Team 2016), using the caret (Kuhn 2008) and
randomForest (Liaw and Wiener 2002) packages. Pixel-based classiﬁcation using the
random forest method was selected because it has been suggested that pixel-based
methods are preferable to object-based methods when the imagery has low spectral
resolution (Rocchini et al. 2015) and because random forests have been successfully
applied to the identiﬁcation of herbaceous land cover in UAV imageries (Michez et al.
2016; Feng, Liu, and Gong 2015; Dorigo et al. 2012).
Prior to development of the random forest model, the Dutch Lake orthoimage was
preprocessed to mask areas of open water and forest canopy, where yellow ﬂag iris is
not expected to be visible. These masks were manually digitized by inspection of the
orthoimage. Because yellow ﬂag iris can grow at water depths up to 100 cm, the open
water mask was digitized to cover the areas of the lake in which the bottom or other
aquatic vegetation was not visible in the orthoimage. The forest mask was digitized to
cover areas where tree canopies over-hung the shoreline. It had been hoped that the
digital surface model (DSM) created by Pix4D could be used to automatically generate
the forest mask; however, due to the presence of buildings, roads, and people on the
lake shore, the UAV was legally restricted to operate within the boundary of the lake
shoreline. Since the UAV could not acquire images from in-land camera locations, in
many sections of the image, the forest could not be properly orthorectiﬁed, and thus the
DSM was not used to create this mask. Masking the Dutch Lake image in this way not
only reduces the number of pixels to classify from ~1 billion to ~64 million (a 94%
reduction), but also will keep the classiﬁer from committing false-positive classiﬁcations
in these areas where yellow ﬂag iris ﬂowers are not expected to be visible.
The pixel-based classiﬁer for Dutch Lake was trained on 400 manually classiﬁed pixels.
These training pixels were composed of 200 pixels each, representing pure signals from
two land-cover types: (1) yellow ﬂag iris ﬂower and (2) ‘other’ land covers. The 200 pixels
representing ‘other’ land covers were selected by stratiﬁed random sampling from a set
of 1200 pixels representing the six dominant land-cover types other than yellow ﬂag iris
ﬂowers found in the image: (1) rooﬁng, (2) bare dirt, (3) miscellaneous vegetation, (4) lily
pads, (5) wooden structures, and (6) water. The size of the training set was limited by the
number of yellow ﬂag iris ﬂowers in the image. Training and validation were performed
using repeated 10-fold cross-validation. The area under the receiver operating characteristic curve (AUC-ROC) metric was used to evaluate the model performance. In 10-fold
cross-validation, the manually classiﬁed data are divided into 10 equally sized random
subsamples. Training is then repeated 10 times, during which one of the subsamples is
withheld from the model training and instead used for model validation. The ﬁnal
performance measure is then aggregated over all 10 of the withheld subsamples. In
this way, 10-fold cross-validation accounts for errors resulting not only from model ﬁt,
but also from model training. In repeated 10-fold cross-validation, the ﬁnal performance
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measure is calculated as the mean performance measure calculated in each of the
repeated 10-fold cross-validation steps. In this way, repeated 10-fold cross-validation
better quantiﬁes the eﬀects of the subsampling of the manually classiﬁed pixels.
In this study, 10-fold cross-validation was repeated 10 times to train the random
forest classiﬁer. The results from the cross-validation indicate that the random forest
classiﬁer had an AUC-ROC value of 0.994, a false-positive rate of 0.016, and a falsenegative rate of 0.015. The random forest classiﬁer created through this process was
then applied to the masked Dutch Lake image to classify each pixel in the image as
representing yellow ﬂag iris or other ground covers. The classiﬁed image was then postprocessed using clump and sieve algorithms to identify and remove singleton pixels
classiﬁed as yellow ﬂag iris. The clump algorithm identiﬁes contiguous groups of pixels,
whereas the sieve algorithm removes groups comprising fewer pixels than a deﬁned
threshold number. Selection of this threshold clump size should be based on the
expected characteristics of the land cover of interest (Saura 2002), in this case yellow
ﬂag iris ﬂowers. The minimum clump size (i.e. the minimum mapping unit (MMU) of the
ﬁnal classiﬁed image) of 2 pixels was selected because these ﬂowers are small and
sparsely distributed in the landscape, yet the spatial resolution of the image is suﬃciently high to resolve these ﬂowers with more than a single pixel. The post-processing
was performed in R.
To extrapolate the pixels identiﬁed as representing yellow ﬂag iris ﬂowers to a spatial
region that is likely to contain the leafy vegetation associated with the ﬂower, a 130 cmdiameter buﬀer was drawn around each pixel classiﬁed as ‘yellow ﬂag iris ﬂower’ to
represent the average diameter of a mature yellow ﬂag iris plant (Royal Horticultural
Society of the United Kingdom, n.d.), and the individual buﬀers were merged into
contiguous polygons. This geoprocessing was performed in ArcGIS v 10.2.
Because the Little White Lake shoreline had very few yellow ﬂag iris plants, an
insuﬃcient number of training data could be generated from this image even from a
full enumeration of the identiﬁable ﬂowers in the orthoimage. For this reason, automated classiﬁcation by the pixel-based classiﬁer was not performed on the Little White
Lake orthoimage.

3.5. Comparison of the classiﬁcation methods
The mapping methods were compared to each other based on the degree of agreement
in their respective maps of yellow ﬂag iris land cover created for each lake. Agreement
between the mapping methods was quantiﬁed by calculating the proportion of the area
identiﬁed as yellow ﬂag iris by one mapping method that was also identiﬁed by one or
more of the other mapping methods. Disagreement was quantiﬁed by calculating the
proportion of the area identiﬁed as yellow ﬂag iris by one mapping method that was not
also identiﬁed by one or more of the other mapping methods. These proportions were
calculated by computing the spatial union of the areas classiﬁed as yellow ﬂag iris by all
of the mapping methods. The spatial union represents the total area identiﬁed as yellow
ﬂag iris by all of the classiﬁers combined, including areas where the classiﬁcations
overlap in space and where they do not. To facilitate analysis, maps were generated
that divided the spatial union into subregions representing the areas that were identiﬁed by each of the possible combinations of the classiﬁers. For Dutch Lake, where three
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classiﬁers were considered, this results in seven subregions of the entire lake study site,
where yellow ﬂag iris was identiﬁed by: (1) ﬁeld survey alone, (2) manual interpretation
alone, (3) automated classiﬁcation alone, (4) ﬁeld survey and manual interpretation, (5)
ﬁeld survey and automated classiﬁcation, (6) manual interpretation and automated
classiﬁcation, and (7) all three classiﬁcation methods. For Little White Lake, where only
the manual image interpretation and ﬁeld survey methods were applied, this results in
three subregions of the entire lake study site, where yellow ﬂag iris was identiﬁed by: (1)
ﬁeld survey alone, (2) manual interpretation alone, and (3) both ﬁeld survey and manual
interpretation. Maps were then created that colour coded the area classiﬁed as yellow
ﬂag iris according to which classiﬁer or combination of classiﬁers identiﬁed this region.
These maps clearly show where the classiﬁers agree, and where they disagree. This
geoprocessing was performed in ArcGIS v 10.2.

4. Results
Comparison of the three methods of mapping yellow ﬂag iris is based on the following
two criteria: (1) time required for the analysis and (2) accuracy of the method. Time to
perform each method omits the travel time of personnel to and from each lake.
Accuracy of each method was determined by a reanalysis of the data performed jointly
by the authors. This joint reanalysis brought together the three teams that had independently performed the initial mapping using the three diﬀerent methods.

4.1. Dutch Lake
The ﬁeld survey of Dutch Lake required the eﬀort of two ﬁeld personnel over 3 h to
perform the ﬁeld survey. The GIS Pro software outputs the logged tracks as shapeﬁles;
thus, the data did not require further processing upon completion of the ﬁeld survey.
Thus, the ﬁeld survey method required 6 person-hours to complete. Both the manual
image interpretation and pixel-based classiﬁcation methods required 5 h of personnelmonitored UAV ﬂights for image acquisition and 1 person-hour for completion of the
orthomosaicking (pure compute time took 24 additional h). The manual image interpretation required 12 h of image analysis and digitization of the identiﬁed polygons,
resulting in a total analysis time of 18 person-hours and 24 machine-hours. Creation of
manually classiﬁed testing and validation sets to use to create the pixel-based classiﬁer
required 5 person-hours, whereas classiﬁer training, validation, and application required
7 person-hours and 6 machine-hours. Thus, the pixel-based classiﬁer required a total of
18 person-hours and 30 machine-hours. Table 1 summarizes the time required to perform each mapping method.
Table 1. Time required to perform each of the three mapping methods considered in this study.
Person-hours
Method
Field survey
Manual image interpretation
Pixel-based classiﬁcation

Machine-hours

Dutch Lake

Little White Lake

Dutch Lake

Little White Lake

6
18
18

10
10
N/A

0
24
30

0
36
N/A
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Table 2. Area (m2) identiﬁed as containing yellow ﬂag iris ground cover at Dutch Lake by the ﬁeld
survey (F), manual image interpretation (M), and pixel-based classiﬁcation (P)
Group
Method
F
M
P

F

M

P

F,M

F,P

M,P

F,M,P

Total

4573 (93%)
–
–

–
8494 (62%)
–

–
–
16319 (75%)

61 (1%)
61 (<1%)
–

258 (5%)
–
258 (1%)

–
5056 (37%)
5056 (23%)

28 (1%)
28 (<1%)
28 (<1%)

4920
13639
21661

The total area identiﬁed by each method is presented in the ﬁnal column. The central columns (Group) indicate the
portion of the area overlapped by all combinations of the three methods: (F) ﬁeld survey only, (M) manual image
interpretation only, (P) pixel-based classiﬁcation only, (F,M) ﬁeld survey and manual image interpretation, (F,P) ﬁeld
survey and pixel-based classiﬁcation, (M,P) manual image interpretation and pixel-based classiﬁcation, and (F,M,P) all
three methods.

The total area of Dutch Lake shoreline estimated to be covered by yellow ﬂag iris by
each mapping method is recorded in Table 2. This table also records the area identiﬁed
by each mapping method that is also identiﬁed by each of the two other mapping
methods. Figure 2 shows a section of the Dutch Lake shoreline overlaid by regions
identiﬁed by each of the three methods, divided up to illustrate the overlapping areas of
each classiﬁcation.
The ﬁeld survey estimated that there was a total of 4920 m2 of shoreline covered by
yellow ﬂag iris. Of this area, 93% (4573 m2) was not identiﬁed by any combination of the
other two methods. Of the other methods, the pixel-based classiﬁer, which identiﬁed 5%
(258 m2) of the common area, had the most overlap with the area identiﬁed by the ﬁeld
survey. Less than 2% of the area identiﬁed by the ﬁeld survey was also identiﬁed by
manual image interpretation or by all three methods combined.
The manual image interpretation estimated that a total area of 13,639 m2 of the
Dutch Lake shoreline was covered by yellow ﬂag iris. Of this area, 62% (8494 m2) was
identiﬁed uniquely by manual image interpretation and was not identiﬁed by either of
the other two methods. Of this area identiﬁed as yellow ﬂag iris, 37% (5056 m2) was also
identiﬁed as yellow ﬂag iris by the pixel-based classiﬁer. Less than 1% of the area
identiﬁed by the image interpretation was also identiﬁed by the ﬁeld survey or by all
three methods combined.
Finally, the pixel-based classiﬁer estimated that 21,661 m2 of the shoreline was
covered by yellow ﬂag iris. Of this, 75% (16,319 m2) of the area identiﬁed by the classiﬁer
was unique to this mapping method, and 23% (5056 m2) was also identiﬁed by manual
image interpretation. Only 1% or less of the area estimated to contain yellow ﬂag iris by
the pixel-based method was also identiﬁed by the ﬁeld survey or by all three methods
combined.

4.2. Little White Lake
The ﬁeld survey of Little White Lake required the eﬀort of two ﬁeld personnel over 5 h.
Thus, the ﬁeld survey method required 10 person-hours to complete. The manual image
interpretation required 5 h of personnel-monitored UAV ﬂights for image acquisition, 2
person-hours for completion of the orthomosaicking (pure compute time took 36
additional hours), and 3 h of image analysis and result digitization, resulting in a total
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Figure 2. Section of the Dutch Lake showing the area identiﬁed by combinations of each of the
three mapping methods: (F) ﬁeld survey only, (M) manual image interpretation only, (P) pixel-based
classiﬁcation only, (F,M) ﬁeld survey and manual image interpretation, (F,P) ﬁeld survey and pixelbased classiﬁcation, (M,P) manual image interpretation and pixel-based classiﬁcation, and (F,M,P) all
three methods. Map is rendered in the UTM zone 11 N projection.

analysis time of 10 person-hours and 36 machine-hours. Table 1 summarizes the personhours required for each method.
The total area of Little White Lake shoreline estimated to be covered by yellow ﬂag
iris by each mapping method is recorded in Table 3. Because too few yellow ﬂag iris
plants were present at Little White Lake to train a random forest classiﬁer, the pixelbased classiﬁcation method was not used to create a map of the yellow ﬂag iris at this

Table 3. Area (m2) identiﬁed as containing yellow ﬂag iris ground cover at Little White Lake by the
ﬁeld survey (F) and manual image interpretation (M).
Group
Method
F
M

F
592 (97%)
–

M
–
344 (95%)

F,M
19 (3%)
19 (5%)

Total
611
363

The total area identiﬁed by each method is presented in the ﬁnal column. The central columns (Group) indicate the
portion of the area overlapped by all combinations of the two methods: (F) ﬁeld survey only, (M) manual image
interpretation only, and (F,M) ﬁeld survey and manual image interpretation.
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Figure 3. Section of Little White Lake showing area identiﬁed by combinations of each of the three
methods: (F) ﬁeld survey only, (M) manual image interpretation only, and (F,M) ﬁeld survey and
manual image interpretation. Map is rendered in the UTM zone 11 N projection.

lake. This table also records the area identiﬁed by each mapping method that is also
identiﬁed by the other mapping method. Figure 3 shows a section of the Little White
Lake shoreline overlaid by regions identiﬁed by each of the three methods that is
divided up to illustrate the overlapping areas of each classiﬁcation.
The ﬁeld survey estimated that there was a total of 611 m2 of shoreline covered by
yellow ﬂag iris. Of this area, the majority 97% (592 m2) was not in agreement with the
map created by manual image analysis. The manual image interpretation estimated that
a total area of 363 m2 of the shoreline was covered by yellow ﬂag iris. Again, the
majority of this area (95%, 344 m2) was in disagreement with the map created by the
ﬁeld survey.

5. Discussion
The ﬁeld sites considered in this study are private property, where the landowners
permitted only nondestructive access to the area. This condition is important in invasive
species monitoring, because the destruction of native vegetation will serve to accelerate
the invasion of the ecosystem by the target plant. Furthermore, in sensitive ecosystems,
where invasive species are of particular concern, and which are often protected by law,
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even minor environmental disturbances, let alone destruction of native vegetation, are
forbidden. For this reason, it was impossible to create a ground-truth data set of the
location and extent of yellow ﬂag iris ground cover against which to compare the
performance of each method. Thus, the accuracy assessment of the methods was
accomplished by reanalysis of the data by the combined ﬁeld survey, manual image
interpretation, and pixel-based classiﬁer teams. In this reanalysis, each team reviewed all
areas identiﬁed by each classiﬁer and then reviewed ﬁeld notes and aerial images to
arrive at a consensus (‘true’) classiﬁcation for each area of the shoreline.
In the case of both lakes, reanalysis of the ﬁeld data and the resulting yellow ﬂag iris
maps revealed that manual image interpretation was the most accurate mapping
method. Very little area in either lake that was identiﬁed as yellow ﬂag iris (false positive)
or not yellow ﬂag iris (false negative) was considered to be misclassiﬁed. Owing to the
large size of the shoreline and the relative sparsity of yellow ﬂag iris land cover,
compared with all other cover types, the false-positive rate was approximately 0 for
both lakes. The false-negative rate was found to be 1% and 0.5% for Dutch Lake and
Little White Lake, respectively. This result is surprising based on our initial expectation
that the UAV-based methods would have an advantage in the Little White Lake analysis,
but would be disadvantaged by the forest canopy in the Dutch Lake analysis, compared
with the ﬁeld survey. This result is signiﬁcant, because contrary to our expectation, and
the belief generally expressed in the literature (e.g. Dvořák et al. 2015; Knoth et al. 2013),
the ﬁeld survey did not produce a map that more accurately displayed the location and
size of the infested areas, compared with the manual image interpretation of the UAVacquired images. Furthermore, since the yellow ﬂag iris could only be distinguished from
native shoreline vegetation (e.g. cattails) because of its small, brightly coloured ﬂower,
only precisely timed, very high spatial resolution imagery, such as that acquired by our
UAV, would enable the accurate mapping of the yellow ﬂag iris. Although similar
imagery could be acquired by other types of aircraft or possibly satellites, the small
size and manoeuvrability of the UAV were particularly important at Dutch Lake, where
the tree canopy obscured the yellow ﬂag from nadir imagery. In this case, it was
essential to ﬂy the UAV near the tree canopy to acquire oﬀ-nadir imagery with a low
acquisition angle (to reduce image distortion).

5.1. Positional accuracy
The map created by the ﬁeld survey had a high degree of disagreement with the maps
created by the classiﬁcation methods based on the UAV-based imagery (manual image
interpretation and pixel-based classiﬁcation), whereas the manual image interpretation
and pixel-based classiﬁcation tended to agree with each other. At Dutch Lake, the maps
produced by the manual image interpretation and pixel-based classiﬁcation methods
only agreed with 7% of the area mapped by the ﬁeld survey. The two most similar
methods, however, were manual image interpretation and pixel-based classiﬁcation. The
similarity between maps produced by the manual image interpretation and the pixelbased classiﬁer may be because they are both based on the same ﬁeld data (i.e. UAV
imagery), or because these methods provide a more comprehensive view of the landscape than can be acquired from a ground-based observer. However, it is most likely due
to the way that the ﬁeld survey estimated the location of the patches of yellow ﬂag iris.
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Owing to accessibility and the amount of yellow ﬂag iris present at Dutch Lake, the
survey crew paddled around the lake and recorded a linear track along sections of the
shoreline that contained yellow ﬂag iris. Because this track was recorded from a canoe, it
created a line that is a few metres oﬀ the shoreline. When this line was expanded into a
polygon by buﬀering, it 130 cm towards the shoreline, the resulting polygon often fell
over open water, rather than the shoreline. This can be clearly seen in Figure 2. Thus, it is
unlikely that the polygons representing the location of the yellow ﬂag iris identiﬁed by
the ﬁeld survey will overlap with the polygons created by the other two methods.
At Little White Lake, it was also observed that the areas identiﬁed by ﬁeld survey and
the manual image interpretation generally did not overlap with each other. At Little
White Lake, the ﬁeld crew were able to exit their canoes and walk around the patches of
yellow ﬂag iris to record polygons bounding the observed patches using GIS Pro.
However, as can be seen in Figure 3, the polygons recorded by the ﬁeld survey generally
do not line up with the shoreline of the lake. After checking the polygons against lakeboundary data provided by Natural Resources Canada, we concluded that this result is
due to horizontal positioning error of the iPad GPS. Based on landmarks identiﬁable in
the orthoimage created by the UAV, and the notes of the ﬁeld crew, the maximum
positioning error is in the order of 10 m. This error is within the manufacturer’s stated
positioning accuracy (±15 m) of the GIS Pro software. Because of these errors, the
polygons created by the ﬁeld crew do not often overlap with areas that can be observed
in the orthoimage to have yellow ﬂag iris, and they position the yellow ﬂag iris in
regions of the lake fringe where the plant is unlikely to grow.
From a management perspective, the more accurate localization of patches of
invasive plants, provided by the manual image interpretation of the UAV-acquired
images, will enable land managers to prescribe treatments more accurately to control
the invasion. A land manager looking at ﬁeld data may disregard regions mapped as
containing the invasive plant, but which clearly fall outside of the plant’s known habitat.
If the location of these areas is skewed by GPS positioning errors, then these areas
should not be disregarded entirely, but rather be considered as valid contributions to
the total infested area. For example, yellow ﬂag iris does not live in open water, and
therefore, a land manager may consider areas of open water marked as containing
yellow ﬂag iris in the ﬁeld data as errors in the data, and not consider this region when
developing a treatment plan. This may lead to underestimating the amount of pesticide
and other treatment materials as well as the time required to perform the treatment.
Additionally, if automated treatment (i.e. by a robotic system) is to be implemented, the
wrong area of land will receive the treatment.

5.2. Area quantiﬁcation
Although GPS positioning errors clearly resulted in a lack of overlap between the areas
identiﬁed by the ﬁeld survey and the other two methods compared in this study, they
will also have an impact on the total amount of area identiﬁed by the ﬁeld survey
method. However, diﬀerences in the estimated area caused by errors in the horizontal
positioning of the polygon vertices are likely to be small compared with the total area
estimated to contain yellow ﬂag iris, so comparisons of the diﬀerence in the total
estimated area of yellow ﬂag iris between methods are expected to be valid.
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The ﬁeld survey generally indicated the presence of yellow ﬂag iris in similar areas of
the two lakes as manual image interpretation. However, based on using the manual
image interpretation as the ‘true’ land-cover classiﬁcation, the ﬁeld survey signiﬁcantly
underestimated (64%, 8719 m2) the yellow ﬂag iris cover in the case of Dutch Lake and
signiﬁcantly overestimated (68%, 248 m2) the yellow ﬂag iris cover in the case of Little
White Lake. The cause of the underestimation in the case of Dutch Lake was determined
to be related to the way the ﬁeld survey was completed. Owing to the size of Dutch
Lake, and the signiﬁcant proportion of the shoreline that was invaded by yellow ﬂag iris,
the ﬁeld crew opted to record the stretches of shoreline that were observed to be
invaded by yellow ﬂag iris, but not to exit their canoes to record the depth (away from
the shore) of the invaded area. Instead, the depth of the invaded area was estimated as
being 130 cm, the approximate diameter of a single plant. This error can be clearly seen
in Figure 2. The operational decision not to walk the shoreline in addition to paddling
along it was made for two primary reasons. First, it was not possible to access much of
the shoreline by foot, and second, attempting to walk the entire perimeter of the lake
would have been costly in terms of time. Thus, for large, heavily invaded areas or areas
with limited access, it should be assumed that ﬁeld surveys of plant invasions might
have signiﬁcant error.
The cause of the overestimation in the case of Little White Lake was determined to be
related to the dense stands of native vegetation, which made it diﬃcult for the ﬁeld
crew to view or access the shoreline from their canoes. Originally, it was expected that
this accessibility problem would lead to an underestimation of the total area of yellow
ﬂag iris invasion; however, it had the opposite eﬀect. Upon reanalysis, it was found that
many of the regions marked as yellow ﬂag iris actually contained other land covers,
notably native vegetation and open water. This error can be clearly seen in Figure 3.
However, had the yellow ﬂag iris invasion been more signiﬁcant in Little White Lake, the
accessibility problem may have caused an underestimate, as originally anticipated. Thus,
restricted access to the invasive plant habitat should be expected to signiﬁcantly impact
the accuracy of ﬁeld survey-based mapping.
The pixel-based image classiﬁcation of Dutch Lake overestimated the amount of area
covered by yellow ﬂag iris, compared with the manual image interpretation by about 59%
(8022 m2). This overestimation can be attributed to the false-positive classiﬁcation of the
land cover. Although the false-positive rate (0.016) quantiﬁed by cross-validation using the
manually classiﬁed training data is small, because the buﬀered image is composed of over
60 million pixels, most of which represent a type of land cover that is not yellow ﬂag iris
ﬂowers, 1.6% of these pixels represent a considerable amount of area to misclassify. The
amount of area incorrectly identiﬁed as yellow ﬂag iris, however, is higher than the 59%
quantiﬁed above, because the classiﬁer failed to classify all of the areas containing yellow
ﬂag iris correctly, notably those areas covered by forest canopy. Had these false negatives
been correctly classiﬁed, the total area estimated to contain yellow ﬂag iris would have
been larger than 21661 m2, and consequently the quantiﬁed overestimation would have
been larger. False-negative classiﬁcation of the land cover can also be attributed to yellow
ﬂag iris plants that are not blooming. These plants can be distinguished by a human analyst
because of their shape and the shape of their leaves; however, there is insuﬃcient
information in the three bands of the visible spectrum captured by the digital camera to
distinguish this foliage from the surrounding vegetation. This result emphasizes the
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importance of identiﬁable phenological events, such as blooming, for identifying plant
species, and suggests that image classiﬁcation methods that include textural characteristics
may improve the image classiﬁcation accuracy. Figure 2 illustrates these errors.
From a management perspective, the more accurate estimation of land area invaded by a
plant provided by manual image interpretation of the UAV-acquired imagery will enable land
managers to plan treatments more eﬃciently to eradicate the invasive plant. This will permit
the land manager to acquire the correct amount of pesticide and other materials and
schedule an appropriate amount of time to accomplish the treatment. The result will be a
more eﬀective treatment that is less likely to follow-up treatments.

5.3. Method speed
The number of person-hours required to perform the ﬁeld survey and manual image interpretation mapping methods depended heavily on the structure of the environment. The ﬁeld
survey took less time at Dutch Lake than at Little White Lake. This was due to the presence of
tall stands of native vegetation (e.g. cattails) along the Little White Lake shoreline that
impeded the survey, but which were not present at Dutch Lake. On the other hand, the
manual image interpretation took almost twice as long at Dutch Lake, compared with Little
White Lake, despite Dutch Lake being smaller than Little White Lake. This was because the
forest canopy at Dutch Lake covers the shoreline in many places. Therefore, manual image
interpretation could not rely solely on the orthoimage. Instead, the analyst had to identify
aerial images acquired at 45°, which contained an oblique view of the land surface beneath
the tree canopy. From landmarks contained within these images, the analyst was able to
estimate the region on the orthoimage where the yellow ﬂag iris was growing. Because of the
size of the lake, the degree to which the shoreline was obscured, and the large amount of
yellow ﬂag iris at Dutch Lake, this process took considerably longer than it took for the ﬁeld
crew to complete their ﬁeld survey. On the other hand, at Little White Lake, the forest canopy
did not obscure the shoreline, and the analyst was thus able to rapidly identify yellow ﬂag iris
directly from the orthoimage. The time required to perform the pixel-based image classiﬁcation on Dutch Lake was comparable to the time required to perform the manual image
interpretation, and would not change signiﬁcantly if a larger ﬁeld site were to be considered.
This suggests that this method may scale better to larger areas and more complex environmental structures. The two UAV-based methods also required unattended time for computation, with the pixel-based method requiring more machine-hours than the manual image
interpretation. In terms of scaling to larger spatial areas, increases in machine time can be
addressed through improvements in computer speed or high-performance computing,
including parallelization or cloud-computing.

6. Conclusion
This study investigated the utility of an oﬀ-the-shelf, consumer-grade UAV for invasive
species mapping in a lacustrine fringe environment. Speciﬁcally, we sought to determine
whether such a UAV would be capable of creating accurate maps of the location and extent
of yellow ﬂag iris invasion more eﬃciently than could be accomplished by a traditional ﬁeld
survey, which is often considered in the literature to provide the most accurate maps.
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The two lakes selected were expected to pose a diﬀerent set of challenges to the
methods. Dutch Lake has a dense forest canopy that obscures much of the shoreline
from aerial observation while having little shoreline vegetation to obscure observation
from the water, whereas Little White Lake’s shoreline is not covered by forest canopy,
but is densely vegetated with tall native plants. For these reasons, it was expected that
the ﬁeld survey would provide the most accurate map at Dutch Lake, whereas the UAVbased methods would perform better at Little White Lake. Reanalysis of the maps
created by all three methods, however, demonstrates that at both locations, the manual
interpretation of the aerial images generated the most accurate map of the yellow ﬂag
iris infestation at both lakes with a false-positive and false-negative rate of less than 1%.
This result suggests that UAV-based surveys have immense value to invasive species
mapping, and consequently, to invasive species management.
Although the UAV image-acquisition ﬂights required approximately the same amount
of time as the ﬁeld survey, the time required for the manual interpretation depended
heavily on the structure of the environment. At Dutch Lake, where there was a substantial invasion of yellow ﬂag iris and where there was a forest canopy that obscured
the shoreline from above, manual image interpretation was particularly slow. Thus, as
has been noted elsewhere (Müllerová, Pergl, and Pyšek 2013), manual image interpretation will not scale well to large spatial domains, especially those with a complex
structure. Automatic image classiﬁcation, such as the pixel-based classiﬁer explored in
this work, has the potential to scale to large areas. However, in this work, the map
generated by pixel-based image classiﬁcation contained too many false positives to be
very useful for supporting management decisions. We attribute this result to the
insuﬃcient amount of information contained in the three visible spectrum bands
recorded by the digital camera to support automated classiﬁcation, even when the
plant is displaying notable yellow blooms against a background that contains no
other yellow features. Thus, a more sophisticated imaging system, which produces
measurements across a greater range of the electromagnetic spectrum and which can
be calibrated for incoming light, should be used for image acquisition to support
automated classiﬁcation. The requirement for a higher-spectral-resolution imager will
necessitate the use of a specially equipped (i.e. not consumer) UAV and may raise a
barrier to the adoption of this approach by invasive species managers. To acquire aerial
images over a large spatial region, a bigger, and therefore heavier, UAV will likely be
required. Owing to the more stringent ﬂight regulations on UAVs over 2 kg, such ﬂights
will likely need to be performed by UAV specialists.
Most importantly, however, the manual image interpretation of the UAV-acquired
imagery produced the most accurate maps of the invasion of yellow ﬂag iris in both
Dutch and Little White Lakes. Although the ﬁeld survey crew was able to walk around
the infested areas at Little White Lake, the horizontal positioning accuracy of the GIS Pro
software running on an iPad introduced signiﬁcant errors into the mapping of the location
and extent of the yellow ﬂag iris patches. When analysing the areas recorded by the ﬁeld
survey referenced against the UAV orthoimagery and against a lake boundary created by
Natural Resources Canada, the polygons created by the ﬁeld survey generally did not align
with the shoreline of Little White Lake, and suggested that yellow ﬂag iris was identiﬁed in
habitats where it is unlikely to grow. This may result in a manager underestimating the total
infested area to be treated, due to disregarding polygons that were shifted during
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mapping due to GPS error. Furthermore, due to accessibility constraints at Dutch Lake and
visibility issues at Little White Lake, the total invaded area estimated by the ﬁeld survey
diﬀered signiﬁcantly from the manual image interpretation of the UAV-acquired images. At
Dutch Lake, the ﬁeld survey underestimated the total invaded area by 64% compared with
the manual image interpretation, whereas at Little White Lake, the ﬁeld survey overestimated the total invaded area by 68% compared with the manual image interpretation.
These results have signiﬁcant consequences for invasive species management, as the errors
in the ﬁeld survey-based maps may result in managers developing treatments that require
too much (or too little) herbicide and recommending (or failing to recommend) other
treatment options that are in appropriate (or required) to control the infestation.
Aerial imagery acquired by an inexpensive consumer-grade UAV has immense potential
to improve the accuracy of invasive species mapping. The maps created will enable
environmental managers to quantify the area invaded by the target species, track the
rate of invasion, develop treatment strategies, and monitor the progress of the treatment.
Additionally, a ﬁeld crew performing the UAV ﬂights can operate from a road or other safe
and stable environment, rather than entering the ecosystem being mapped. Not only does
this expose the ﬁeld crew to substantially less risk, but it also prevents accidental damage
to the ecosystem. This latter point is especially important in the case of invasive species
monitoring, since damage to the ecosystem can accelerate the rate of the plants’ invasion.
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