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Abstract

Wild leek (Allium tricoccum) is a spring ephemeral of northeastern North America. In the Canadian
province of Quebec, it is listed as threatened due to human harvesting, and in Gatineau Park its
presence is used as an indicator of human impact. Wild leek grows in patches on the forest floor, and
before the tree canopy develops its green leaves are clearly visible through the bare branches of
deciduous forests, allowing it to be observed with optical remote sensing. This study developed and
tested a new method for monitoring wild leek across large geographic areas by integrating field
observations, UAV video, and satellite imagery. Three-cm resolution orthomosaics were generated for
five <0.1 km? sites from the UAV video using Structure-from-Motion, segmented, and classified into
wild leek (WL) or other (OT) surface types using a simple greenness threshold. The resulting maps,
validated using the field observations, had a high overall accuracy (F1-scores between 0.64 to 0.94).
These maps were then used to calibrate a linear model predicting the per-pixel percentage cover of wild
leek (%WL) from NDVI in the satellite imagery. The linear model calibrated for a Sentinel-2 image
from 2018, covering all of Gatineau Park (~361 km?), allowed %WL to be predicted with an RMSE of
10.32. A similar model calibrated for a WorldView-2 image from 2018 was noisy (RMSE = 37.64),
though much improved by resampling this image to match the spatial resolution of Sentinel-2, due to
MAUP scale effect (RMSE = 13.06). Testing the potential for satellite-based monitoring of wild leek,
the %WL prediction errors were similar when a new linear model was developed using the Sentinel-2
image from 2017 (RMSE = 12.84) and when the model calibrated with the 2018 Sentinel-2 image was
applied to the 2017 satellite data (RMSE = 16.97). The linear models developed for the Sentinel-2 and
WorldView-2 images from 2018 were used to map wild leek cover for Gatineau Park. Both images
allowed production of similar wild leek maps that, based on field experience and visual inspection of
the imagery, provide good descriptions of the actual distribution of wild leek at Gatineau Park.
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1 Introduction

Wild leek (Allium tricoccum) is a spring ephemeral of deciduous forests of northeastern North
America [1-3] that is harvested for its edible bulbs [3,4]. As a result of overharvesting over the last few
decades, many populations of wild leek have declined in the Canadian province of Quebec, and some
in Southern Quebec have disappeared [2,5]. In Quebec, wild leek is considered a vulnerable plant
species according to the Regulation Respecting Threatened or Vulnerable Wild Species and Their
Habitats [5,6].

Wild leek takes advantage of a short period of time immediately after snow melt to develop its
leaves when solar irradiance is maximal on the forest floor (typically from late April to early May in
Southern Quebec). After the forest canopy has closed (typically late May or early June), the leaves
senesce and decompose [1,4]. Wild leek can thus only be seen through the tree canopy during a 5-6-
week period in late spring/early summer [3,4].

Patches of wild leek grow under the bare branches of deciduous forests, normally in areas well
exposed to light. As opposed to other spring ephemerals that tend to grow in a more scattered pattern,
wild leek can form dense patches covering large areas [7].

Monitoring wild leek population dynamics is necessary for management at a large scale [3]. Due to
field-based observations being time-consuming and labor-intensive, and therefore expensive,
monitoring wild leek over broad areas is a challenge. Remote sensing is a cost-effective alternative to
field observations when covering large areas, and is thus a potential solution for wild leek monitoring,
but methods for monitoring of patchy understory vegetation are not well-developed. Testing the ability
of different platforms (Unmanned Aerial Vehicles (UAVS), aircraft, satellites) and sensors
(multispectral, hyperspectral) is necessary to develop a method appropriate for mapping and

monitoring wild leek.

1.1 Thesis Objective

This thesis aims to develop and test a new method for monitoring wild leek across large geographic
areas. Combining different approaches used for monitoring understory vegetation [7-9], the method
integrates field data, UAV video and satellite images, and is used to produce maps of wild leek for
Gatineau Park, Quebec. The method works by:



1. Creating high-resolution maps of wild leek for several small (<0.1 km?) sites in the study
area, by applying a greenness threshold to orthomosaics created from UAV-based video processed with
Structure from Motion. These maps are calibrated and validated with field observations; the accuracy
of this method has previously been demonstrated [7].

2. These high-resolution wild leek maps are then used to quantify the percentage of wild leek
(%WL) within each pixel of a satellite image, and a linear model predicting %WL from values of
NDVI found in each satellite image pixel is applied to the entire image. Two types of satellite images
are used in this process, a Sentinel-2 image and a WorldView-2 image.

3. The linear model acquired for Sentinel-2 was applied to a Sentinel-2 image from a different

year to test the between-year use of the model.

1.2 Thesis Format

This thesis is presented in article format, with a manuscript intended for publication. The paper
“Mapping Wild Leek with UAV and Satellite Remote Sensing”, presented in chapter 2 will be submitted
to “Remote Sensing” for publication. Chapter 3 provides a general conclusion of outcomes presented in

chapter 2. References are listed in chapter 4.



2 Mapping wild leek with UAV and Satellite Remote Sensing

2.1 Introduction
2.1.1 Wild Leek

Understory vegetation plays an essential role in forest ecosystems. Besides its contributions to
forest structure and function, it provides vital resources for wildlife, such as food and protection [10—
13], hence understanding the population distributions of understory species is important for forest
management and environmental conservation [10]. Understory plants are also crucial for the cycling of
nutrients, and are therefore often considered good indicators of forest health [12,14-16].

Under the bare branches of deciduous forests of northeastern North America, mostly composed of
maple trees, the spring ephemeral species known as wild leek (Allium tricoccum, also known as ramps)
can be found typically growing in dense patches, unlike other spring ephemerals species (Figure 1; [3—
5,7,17,18]. Wild leek grows on moist slopes, streamside bluffs and depressions, in cool areas with soil

rich in minerals and organic matter [19-23].

Figure 1. Small (A) and big (B) patches of wild leek in Gatineau Park - Quebec. Photos taken in 2017 from a
UAV flying at low altitude.

New wild leek leaves emerge as soon as the forest floor starts to receive direct sunlight after the
snow melt and the leaves commence to die and decompose once the tree canopy begins to develop and
block off sunlight from reaching the forest floor [1,4,5,7,13,18-20]. The difference in phenology

between understory and overstory species makes wild leek visible through the leafless tree canopy for a



period of ~5 weeks in late spring/early summer [3,7,19], during which wild leek can be detected with
optical remote sensing [9,24]. In southern Quebec, Canada, this period typically falls around mid-April
to mid-May [1,4].

In eastern Canada, a noticeable decline in the natural population of wild leek has been caused by
overharvesting [2,3,22]. Wild leek is harvested for a variety of purposes, from personal to commercial
use, as food or medication [20]. Despite being known for the flavor of its bulbs, wild leek is harvested
in its entirety since both its bulb and leaves are edible [18,22]. Vegetative propagation, due to division
of large ramets that produces new individuals every couple of years, is the most important method of
population growth and maintenance [2,3,13]; seedlings contributes to less than 5% of population
growth rate [3]. Large indivuduals of wild leek, which are responsible for most of both vegetative
propagation and seed production, are also most frequently targeted for harvesting [3].

Given the growth limitations, especially the high dependence on vegetative propagation, wild leek
is sensitive to harvesting and population recovery occurs slowly [2,4,18,20,22]. As a result, limits on
harvesting have been imposed in Quebec [4,20]. Commercial harvesting has been banned since 1995
and harvesting for personal use is controlled under the Act Respecting Threatened or Vulnerable
Species, which allows annual harvesting of up to 200 grams per person [1,6,20]. No harvesting is
permitted in Gatineau Park, which contains one of Quebec’s largest wild leek populations [3,25].
However, enforcement is difficult and harvest limits are often exceeded, and illegal harvesting still
happens even within protected areas [20]. Monitoring wild leek population dynamics is therefore

necessary for management at a large scale [3].

2.1.2 Mapping Understory Vegetation

Field-based mapping and monitoring of patchy understory vegetation such as wild leek is time
consuming and labour-intensive, and thus costly, making it impractical for large areas [15,26-28]. The
use of near-surface remote sensing with Unmanned Aerial Vehicles (UAVs) for environmental
monitoring has grown substantially in recent years due to its ability to acquire high-resolution spatial
data; it is often less expensive than field data collection and it can be deployed quickly and repeatedly
[29-32]. Nevertheless, there are two major constraints on using UAVs for understory vegetation
monitoring. First, while any kind of sensor can in principle be flown on a UAV, most UAVS, including
the one used in this study, carry optical sensors with low spectral resolution that only acquire images in
the red, green and blue (RGB) parts of the visible spectrum while not recording the near-infrared or

shortwave-infrared wavelengths that are useful for detection and assessment of vegetation [33—-35].



Second, because of the small area covered by each photo acquired from a low-flying UAV, a large
number of photographs is needed to cover relatively small areas, and combining these photos in an
orthomosaic, while possible to largely automate, requires substantial computing resources [29,32].

Orthomosaic generation with Structure from Motion (SfM) requires multiple overlapping
photographs that together capture full the three-dimensional structure of the area [36—-38]. SfM
software works by identifying features recognizable in multiple images, and uses these features to
orient all images relative to each other, thereby allowing triangulation of the features which are
extracted as a point cloud [38]. As opposed to traditional photogrammetric approaches, SfM
automatically determines both camera pose (location and orientation) and feature locations in an
arbitrary coordinate system [39,40]. The feature point cloud must therefore be georeferenced by using
photos or ground control points with known coordinates.

Due to the lack of a near-infrared (NIR) band in the UAV imagery and resulting orthomosaics,
vegetation information must be derived from the RGB bands. Several RGB-based vegetation indices
exist for this purpose, of which the Green Chromatic Coordinate (GCC) is most widely used to monitor
phenological development of plants and trees [41-44] because its values are highly correlated with
Normalized Difference Vegetation Index (NDV1) [42]. The GCC is calculated as the green reflectance
divided by the sum of red, green and blue reflectances, and has previously been used for mapping wild
leek with UAV-based imagery [7]. Vegetation indices help in the separation between the classes of
interest from the other classes during classification.

Object-based image analysis (OBIA), which has previously been demonstrated as effective for
analysis of UAV images [35,45-47], is more appropriate for high-resolution imagery classification than
pixel-based methods [48-52]. OBIA segments the image into homogeneous objects based on their
spatial and spectral characteristics [31,48,53-55], and the objects, rather than the pixels they are
composed of, can then be classified [56,57].

Despite being capable of mapping wild leek within small areas (~0.06 km?) [7], UAV-based
imagery does not provide the coverage needed to map and monitor wild leek over large areas, such as
Gatineau Park in southern Quebec (~361 km?). Satellite-based observations with high/moderate spatial
detail are widely used to monitor vegetation [8-11,28,47,58-60] and remain the best alternative when
monitoring large areas [15,27,61,62]. However, the relatively poorer spatial resolution of satellite
imagery is an important challenge since wild leek typically grows in patches smaller than 10 m?, which
is smaller than the pixel size of many satellite images. As such, despite being widely used to monitor
understory vegetation, Landsat imagery is unsuitable specifically for wild leek mapping because

detection of even very large wild leek patches, e.g. 10-20 m across would only cover a small fraction of
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a single pixel [8,9,11,28,58,59,62—64]. Satellite data with higher spatial resolution, such as Sentinel-2,
SPOT, IKONOS, QuickBird, RapidEye, WorldView and GeoEye, are likely more suitable for wild leek
mapping.

Remote detection of understory vegetation is limited due to the interference of the overstory canopy
[10,60]. In order to overcome this challenge, knowledge of the phenological differences between
vegetation types has been used to specifically detect understory plants [7-11,28,58]. If the understory
vegetation has a different leaf phenology from the overstory species, satellite images acquired during
the deciduous leaf-off and understory leaf-on periods can be used to identify the presence of the
understory vegetation [8,9,11,58,60]. However, coniferous tree species, which are also green during
this period, can be confused with the understory vegetation. Distinguishing the understory vegetation
from coniferous trees, and eliminating the latter from the analysis, is therefore crucial [9]. To do this,
many studies have used two different images [8,9,58]; in addition to (a) the deciduous leaf-off and
understory leaf-on image, another (b) deciduous leaf-off and understory leaf-off image is acquired.
Coniferous trees, as the only green vegetation on (b), can then easily be outlined and removed from the
understory leaf-on image (a).

Combining different approaches used for monitoring understory vegetation [7-9], this study aims
to develop and test a new method for monitoring wild leek across large geographic areas by integrating
field data, UAV video, and satellite images, and is used to produce maps of wild leek for Gatineau
Park, Quebec. The method works by:

1. Creating high-resolution maps of wild leek for several small (<0.1 km?) sites in the study
area, applying a greenness threshold to orthomosaics created from UAV-based video processed with
Structure from Motion. These maps are calibrated and validated with field observations; the accuracy
of this method has previously been demonstrated [7].

2. These high-resolution wild leek maps are then used to quantify the percentage of wild leek
(%WL) within each pixel of a satellite image, and a linear model predicting %WL from values of
NDVI found in each satellite image pixel is applied to the entire image. Two types of satellite images
are used in this process, a Sentinel-2 image and a WorldView-2 image.

3. The linear model acquired for Sentinel-2 was applied to a Sentinel-2 image from a different

year to test the between-year use of the model.



2.2 Study Area and Data Acquisition

2.2.1 Study Area

Gatineau Park is a natural protected area located 20 km northwest of Ottawa, Canada, covering
~361 km? of land between the Ottawa and Gatineau rivers (Figure 2). The park is heavily used by
residents and tourists all year long, with over 2.7 million visits per year, and also provides habitat for
more than 5,000 species of plants and animals, including vulnerable and threatened species such as
wild leek. To monitor the health of the park, given its heavy human use, Gatineau Park has been
tracking a set of environmental indicators since ~2006 [65,66]. Wild leek is used, with other plant
species at risk, as an indicator of the impact of recreational activities on species at risk for Gatineau
Park [65] and more broadly for Parcs Québec [12].

45°32'N

45°28'N

76°10'W 76°0'W 75°50'W

Figure 2. Location of the study area, Gatineau Park. Sentinel-2 imagery from May 9, 2018. Coordinates refer to
WGS 1984.




In Gatineau Park wild leek is found predominantly in the southern portion of the park, where the
forest is dominated by hardwood deciduous trees [1,7]. Wild leek in the park has benefited from legal
protection from harvesting since 1980, and since 1995 the sale of wild leek has been prohibited

throughout Quebec, though not in nearby Ontario [3,20,25].

2.2.2 Wild Leek Detection

Different types of vegetation have different spectral reflectance signatures, which can be used to
detect and map their presence/absence, percent cover, and other attributes [61,67]. In Gatineau Park
other spring ephemerals emerge simultaneously with wild leek and in similar environments, such as
ferns (Pteridophyta sp.), white trillium (Trillium grandiflorum), red trillium (Trillium erectum), blue
cohosh (Caulophyllum thalictroides), trout lily (Erythronium americanum), and squirrel corn or
dutchman’s breeches (Dicentra sp.). In comparison to these other species, wild leek has a vibrant green
colour and typically develops in very dense patches over small or large areas [7]. Among all the other
spring ephemeral species, white trillium is the most similar to wild leek as it also grows in patches,
though at lower density and with paler green colour [7,68,69].

The acquisition of an image during the temporal window of overstory leaf-off and understory leaf-
on periods has often been used to map the distribution of understory vegetation in general [8,11,58,60],
and wild leek specifically [7]. Leduc & Knudby [7] acquired UAV-based imagery when wild leek
could be observed directly through the leafless deciduous canopy and presented a workflow for using
such imagery to map wild leek for small (~0.06 km?) areas. Despite mapping wild leek accurately,
UAV-based imagery does not provide the areal coverage needed to map and monitor wild leek for an
area the size of Gatineau Park; satellite imagery is required to achieve the necessary areal coverage at
reasonable cost. We therefore used the UAV-based workflow [7] to produce accurate wild leek maps
for small areas, and then used those maps as input to a second workflow based on satellite imagery.

2.2.3 UAV and Ground Data Acquisition
Both UAV and ground data were acquired on 7 May 2018. Pre-programmed UAYV flights were
performed at 60 meters above ground, with one flight conducted for each site (Figure 3). Using a DJI

Phantom 3 Standard, nadir videos were captured at 29 frames per second in 2.7k mode.
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Figure 3. UAV videos were acquired for sites for sites Al, A2, A3, MB and SB.

Within each of the roughly rectangular sites, bright colorful markers were placed in each of the four
corners; four markers were placed in each corner, outlining a ~10 m? area (Figure 4). The centres of the
bright markers were used as ground control points (GCPs) for the UAV video, and their coordinates
were recorded with a Trimble R1 DGPS unit, which had a typical horizontal position accuracy of 70-
100 cm on the forest floor. Using a GoPro attached to the top of a ~3 m selfie-stick, near-nadir photos,
in which all four corner markers were typically visible, were acquired while walking around the

markers.

Figure 4. Photo taken with a GoPro, showing the bright markers placed in one of the corners of A1, 2018.
Wild leek appears in patches with its characteristically bright green colour.



2.2.4 Satellite Data Acquisition

Both WorldView-2 and Sentinel-2 satellite images were assessed for their ability to map wild leek.
WorldView-2 is representative of the current state-of-the-art in high-resolution optical satellite
imagery, while Sentinel-2 is the sensor that currently produces the highest-resolution freely available
satellite imagery.

Considerations for selection of specific images from each sensor included initially the time of year,
as the wild leek is only visible through the leafless overstory during a period of ~5 weeks in late
spring/early summer [3,4,7,19], and secondly the absence of cloud and snow in the images, which
would affect the calculation of vegetation indices [42].

A total of four images were acquired, three for Sentinel-2 and one for WorldView-2. “Spring”
images were acquired at a time when the green leaves of the wild leek had emerged and, in the
overstory, deciduous trees were leafless and coniferous trees were green, and a “winter” image was
acquired from a period when deciduous plants were devoid of leaves and coniferous trees were the only
green plants in the image. While the “winter” image was acquired in March, it had necessary
characteristic of coniferous trees being the only green vegetation at the time of image acquisition. To
test inter-annual stability of the relationship between wild leek observations in the field and satellite
imagery, two Sentinel-2 spring images were acquired, one from 2018 (the year of field data
acquisition), and another one from 2017. A summary of the selected imagery is shown in Table 1.

Table 1. A summary of the imagery used in this study. The WorldView-2 imagery was obtained courtesy of
DigitalGlobe Foundation. VNIR bands include the visible (RGB) bands as well as the Near-Infrared band (s).

Satellite Acquisition Data  Acquisition Time  Spring / Winter Spatial Resolution

WolrdView-2 May 6, 2018 11:16:44 Spring image 2 meters
Sentinel-2A March 30, 2017 10:59:01 Winter image 10 meters (VNIR bands)
Sentinel-2A April 29, 2017 11:10:31 Spring image 10 meters (VNIR bands)
Sentinel-2B May 9, 2018 10:58:59 Spring image 10 meters (VNIR bands)

2.3 Data Processing

The methodology used to produce wild leek maps from WorldView-2 and Sentinel-2 satellite
imagery involved the processing of field observations, UAV imagery, as well as the satellite images
themselves. The complete workflow is outlined in Figure 5 and Figure 6; Figure 5 describes the use of
field observations and UAV imagery to produce small-extent high-resolution wild leek maps as

outlined by Leduc & Knudby [7], while Figure 6 describes how those high-resolution wild-leek maps
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are combined with satellite imagery to assess its ability to map wild leek at larger spatial extents. The
numbers associated with the workflow steps described in the following paragraphs all refer to Figure 5
and Figure 6.

2.3.1 Step 1: Ground Data Processing

(1.1) Ground images were acquired using a GoPro. (1.2) These images were processed using SfM
framework in Agisoft PhotoScan Professional to generate three-dimensional point clouds. The point
clouds were then georeferenced with the 16 GCPs recorded at each of four brightly coloured markers
located in each of the four corners of the site (Figure 4). (1.3) Points located above the ground, i.e.
those representing branches and tree trunks, were then manually removed from the points clouds using
the selection function in Agisoft PhotoScan Professional, which allows thousands of points to be
selected and removed at a time. Automatic methods to perform this step are also available, but were not
tested in this study. From the remaining ground-level points 0.3-cm resolution RGB-orthomosaics were
then created. The warping caused by the wide angle of GoPro’s lens did not seriously affect the
orthomosaic creation because the lens model is estimated and incorporated in the point location
reconstruction in SfM. Moreover, the edges of the orthomosaics, areas that could have been the most
affected by warping, were clipped out after orthomosaic creation since they fell outside the area
between the bright coloured markers. (1.4) For each of the ground-based orthomosaics, 100 calibration
points were randomly distributed and identified as either Wild Leek (WL) or Other (OT) through visual
interpretation in ArcGIS. This process was completed for the four corners of each site, producing a
total of 400 calibration points classified as WL or OT for each site.

2.3.2 Step 2: UAV Data Processing

(2.1) All image frames were extracted from each UAV video, and (2.2) processed through the SfM
framework in Agisoft PhotoScan Professional to generate three-dimensional point clouds. Point cloud
georeferencing, originally based on the internal UAV GPS information, was improved using the GCPs
recorded at the bright markers for each site, which were easily identified in all point clouds. (2.3)
Points located above ground were manually removed from the points cloud, and 3-cm resolution RGB-
orthomosaics were generated with the remaining ground-level points. (2.4) The orthomosaics were then
segmented using eCognition Developer 64 (®Trimble GeoSpatial, Munich, Germany), and (2.5) the
mean GCC was calculated per segment. As the orthomosaics are not radiometrically calibrated, the

GCC was calculated on the basis of raw Digital Numbers rather than reflectance values.
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Figure 5. Workflow for processing UAV and ground data, optimizing GCC threshold used to distinguish wild
leek from other surfaces, and assessing the accuracy of UAV-based wild leek classification.

2.3.3 Step 3: GCC Threshold Calibration

(3.1) For each site, in order to classify each segment as either WL or OT, a threshold was applied to
the per-segment GCC values in the UAV-based orthomosaic; segments with GCC values greater than
the threshold were then classified as WL, and vice-versa. The accuracy of the classification produced
by a given threshold value was quantified using the F1-score by comparing the resulting segment
classification to the 400 calibration points. Different from traditional accuracy measures, the F1-score

is designed for one-class classifications [70,71] and is effective at balancing precision and recall, in
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order words balancing false positives and false negatives [72]. The threshold applied to the per-

segment GCC values was modified iteratively to find the threshold that produced the highest F1-score.
(3.2) For each site, once the optimal GCC threshold was found, it was applied to the segmented

UAV-based orthomosaic, for that site, to produce a binary WL/OT classification map that could serve

as validation for the subsequent satellite image-based workflow.

2.3.4 Step 4: Satellite Data Preparation

In order to distinguish understory vegetation from coniferous trees, a winter image (4.1) was
acquired during the period when coniferous trees were the only green vegetation present in the area.
Three spring images (5.1) were then acquired during periods when the wild leek had emerged and the

deciduous trees canopy was still leafless. (Table 1).

Sentinel-2 i
: 5.1/ WorldView-2
Winter Image Spring Images

; ;

Sentinel-2 and
41 /

4.9 Atmospheric 5.9 Atmospheric
’ Correction : Correction
¢ ¢ Information on Locations of Some 54
Farmlands and Grasslands '
4.3 NDVI 5.3 NDVI
Apply NDVI 55 Mask Out Conifers,
4.4 | Threshold to Detect " | Farmlands and Grasslands
Conifers [ ~|  from Spring NDVI

Classify WL or OT
by Applying Optimal Threshold | 3.2
(Step 3 - Results)

;

Calculation of
%WTL for each 6.1
Satellite Image Pixel

Map of %WL
6.3 per pixel
Develop Linear

Regression

Assess potential for
multi-year satellite-based | .4
monitoring

Figure 6. Workflow for processing satellite data and validating new spring image without conifers and grass.
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(4.2 & 5.2) All satellite data were atmospherically corrected to surface reflectance using ATCOR in
PCI Geomatica 2017, and (4.3 & 5.3) NDVI was calculated for all four images. (4.4) Visual
interpretation of the winter image was then used to identify a NDVI threshold (0.06) that could be used

to distinguish tree stands dominated by conifers from all other surface types in that image (Figure 7).

S RS TR,
) R 1“,’.{ o

L

Figure 7. Pixels with NDVI > 0.06 on the Sentinel-2 winter image (left-hand side, black), were removed from the
spring images for both the WorldView-2 (A) and the Sentinel-2 (B) imagery.

(5.4) Using a forest inventory shapefile provided by Quebec’s Ministére des Foréts, de la Faune et
des Parcs [73], large farmland and grassland patches were identified and deleted from the imagery. Not
all grassy areas found at each site were highlighted in the shapefile and thus some grassy areas were not

removed from the image. The forest inventory shapefile could not be used to remove conifers from the
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satellite images since most of the areas containing conifers were classified as mixed forest and deleting
the mixed forest areas could result in the removal of areas that contain wild leek. (5.5) The pixels with
NDVI > 0.06 on the winter image, indicating conifers, were removed from all spring images. None of

the pixels identified as conifers and excluded as a result were found within any of the five study sites.

2.3.5 Step 5: Satellite-based Wild Leek Mapping

With the pixel sizes of the satellite imagery used in this study (4 m? and 100 m? respectively),
which are larger than all wild leek patches observed during field collection, mapping wild leek
according to the percentage cover within each pixel gives more detailed information about its
distribution than a binary WL/OT classification.

(6.1) To assess the strength of the relationship between satellite-based NDV1 and the amount of
wild leek present in an area, and thus assess the potential to map wild leek with satellite data, the
classified orthomosaics from step 3 were used to quantify the percent cover of wild leek within each
satellite image pixel. This process was carried out separately for the WorldView-2 and Sentinel-2
images due to their difference in pixel size (Figure 8). The classified orthomosaics, rather than field
observations, were used to represent the actual amount of wild leek in each area because the very
patchy nature of wild leek, with most patches covering only ~1 m? [7], does not allow estimation of
wild leek cover from field observations for area the size of many satellite image pixels. The UAV-
based wild leek maps, despite being an imperfect estimate of actual wild leek cover, were used because
of their demonstrated high accuracy [7].

(6.2) Total least squares (TLS) regression was used to determine the relationship between NDVI
values from the WorldView-2 spring image and the corresponding percentage wild leek (%WL) cover
derived from the UAV-based orthomosaics. TLS takes observational errors from both dependent and
independent variables into account when determining the regression relationship; in the present case
this is more appropriate than ordinary least squares (OLS) regression, which takes only the dependent
variable errors into account [74]. Second-order polynomial regression was used to determine the
relationship between NDVI values from the Sentinel-2 spring images and the resampled WorldView-2
with their corresponding percentage wild leek (%WL) cover derived from the UAV-based
orthomosaics. (6.3) The regression relationships were then used to map per-pixel predictions of wild

leek percent cover for each satellite image.
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Figure 8. Percentage of wild leek per Sentinel-2 pixel (A), and per WorldView-2 pixel (B). The blue polygon,
which corresponds to the same area in both images, was drawn to emphasize the difference in pixel size between
the two satellites.

(6.4) To assess the potential for multi-year satellite-based wild leek monitoring without the need
for repeat field and UAV data collection, two possible approaches were tested in an inter-annual
analysis. a) Applying the regression relationship developed for the 2018 Sentinel-2 image directly to
the 2017 Sentinel-2 image. The assumption behind this approach is that the wild leek is at the same
phenological stage in both images, and that the relationship between NDVI and %WL is therefore
roughly equivalent between the two images. b) Developing a new regression relationship between the
%WL from the 2018 UAV-based wild leek maps and the NDV I from the 2017 Sentinel-2 imagery. The
assumption behind this approach is that changes in wild leek coverage between the two years is
negligible at the sites for which the field data exist, while changes in wild leek may be detected from

elsewhere in the park.

2.4 Results
2.4.1 UAV-based Wild Leek Maps

By applying the optimal GCC threshold to the segmented orthomosaics for each site, wild leek was
efficiently distinguished from other surface types at most sites (Figure 9-A). Very small wild leek
patches were typically less accurately detected, and unmasked grass, which was present at some sites,
was generally misclassified as wild leek (Figure 9-B) due to its greenness.
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Figure 9. Sites Al (A) and SB (B). Areas classified as wild leek are outlined as red polygons.

Since the shade of green between the grass and the wild leek is visually different (Figure 9), other
methods were tested to differentiate them and eliminate the grass from the wild leek classification.
Combining GCC with other vegetation indices, such as the Normalized Green-Red Difference Index
(NGRDI) [75], during the classification was tested, but did not achieved improved results.

The orthomosaic from the SB site was also transformed from RGB color space to both IHS and
HSV color spaces [31,50,55,76—78] as an attempt to improve the segmentation but while this did
produce different segments the ability to separate grass from wild leek was not improved. To produce a
quick and accurate wild leek classification for the SB site, grassy areas were therefore manually
outlined and eliminated. Table 2 shows the confusion matrices and F1-scores for all five study sites.

The optimization of the GCC threshold led to a very low classification accuracy (F1 = 0.43) for the
MB site, which consists of only a few small patches of wild leek on an otherwise bare or leaf-covered
forest floor, and it visually misclassified large areas of decomposing leaves as wild leek. To overcome
this problem, the average of the GCC threshold used for the other sites was applied instead, which
resulted in no wild leek being classified within any of the four corners and the inability to calculate a
F1-score. The MB site was therefore not used to calibrate the regression relationships between satellite-
derived NDVI and percentage wild leek cover.

The SB site, which had one of its four corners located in a grassy area, had a very low classification
accuracy (F1 = 0.46) prior to manual elimination of the grass, but an excellent accuracy afterward (F1
= 0.94). The other sites, which have bigger wild leek patches and no grassy areas, were classified well
(F1-scores between 0.64 to 0.84). The optimal GCC threshold used to separate wild leek from other
surface types varied between 0.336 and 0.342.
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Table 2. Confusion matrices, GCC thresholds and F1-scores. * Optimized GCC threshold that produced highest
F1-score. 2 Average value of GCC threshold of other sites. ® The classification of the SB site was low (F1 = 0.46)
prior to elimination of the grassy areas. * After elimination of the grassy area, the classification of wild leek at the
SB site improved greatly (F1 = 0.94).

Classification

Sites Reference Data WL oT Total GCC threshold  F1-score
WL 29 19 48
Al oT 14 338 352 0.336 0.64
Total 43 357 400
WL 44 12 56
A2 oT 22 322 344 0.336 0.72
Total 66 334 400
WL 66 9 75
A3 oT 17 308 325 0.336 0.84
Total 83 317 400
WL 3 2 5
MB? oT 6 389 395 0.321 0.43
Total 9 391 400
WL 0 5 5
MB 2 oT 0 395 395 0.338 N/A
Total 0 400 400
WL 29 3 32
SB?3 oT 66 302 368 0.342 0.46
Total 95 305 400
WL 29 3 32
SB* oT 1 267 268 0.342 0.94
Total 30 270 300

Figure 10 shows the relationship between the F1-scores for the 5 sites as a function of the GCC
threshold values. The relationship proves the existence of the optimal GCC threshold and its expected

F1-score for each site.
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Figure 10. F1-scores as a function of the GCC threshold values.

2.4.2 Satellite-based Wild Leek Detection

The linear model predicting the percentage of wild leek (%WL) from satellite-based NDVI has a
good fit when based on the Sentinel-2 imagery from 2018 (R? = 0.58; RMSE = 10.32; p-value = < 2.2e-
16) (Figure 11). Pixels with %WL equal to zero were kept for all regression calculations but negative
%WL values predicted from the regression equation were converted to zeros before the calculation of
all R? and RMSE values.

Sentinel-2 2018
Predicted WL% = 1204.793*(NDVI*2) - 526 434*NDVI + 58.305
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Figure 11. Regression based on the Sentinel-2 image and the UAV-based wild leek maps from 2018.
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While a relationship is also clearly present when using the 2018 WorldView-2 imagery, it is
markedly noisier than the one for Sentinel-2 (R? = 0.15; RMSE = 37.64; p-value: < 2.2e-16) (Figure
12). To assess if this is due to the smaller pixel size of WorldView-2 and the resulting greater influence
of imperfect relative geolocation between the satellite image and the UAV-based wild leek map, the
WorldView-2 imagery was resampled to 10 meters to match the pixel size of Sentinel-2 imagery. This
tightened the relationship substantially (R? = 0.32; RMSE = 13.06; p-value: < 2.2e-16) (Figure 13),
although it remains noisier than the one obtained from Sentinel-2. The scale effect of the modifiable
areal unit problem (MAUP), is the primary reason for how WorldView-2 has initially a worse fit than
Sentinel-2 and for how WorldView-2 has a better fit when resampled to 10 meters. Besides the
aggregation, which is in this case the primary cause of the MAUP effect, imperfect georeferenced also
contributes for the coarser fit of WorldView-2 [79,80].
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Figure 12. Regression based on the WorldView-2 image and the UAV-based wild leek maps from 2018.
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Figure 13. Regression based on the resampled WorldView-2 image and the UAV-based wild leek maps from
2018.

2.4.3 Inter-annual Analysis

Applying the polynomial regression equation developed for the 2018 Sentinel-2 image directly to
the 2017 Sentinel-2 image produced relatively larger errors in %WL prediction (R? = 0.33; RMSE =
16.97; p-value: < 2.2e-16), and it is clear from a comparison of this regression line with the %WL
values and the NDV1 values from the 2017 Sentinel-2 image that direct use of a regression relationship
developed in one year to imagery from another year is likely to produce biased %WL predictions
(Figure 14).

Sentinel-2 2017
Predicted WL% = 1204.793*(NDVI"2) - 526.434*NDVI + 58.305
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Figure 14. Regression based on the Sentinel-2 image from 2018, compared with the %WL and NDVI values from
the Sentinel-2 image from 2017.
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Developing a new regression relationship using the Sentinel-2 image from 2017 and the wild leek
maps from 2018 also provided relatively larger errors in %WL prediction (R? = 0.33; RMSE = 12.84;
p-value: < 2.2e-16) (Figure 15).

Sentinel-2 2017
Predicted WL% = 279.16*(NDVI*2) + 59.68*NDVI - 20.27
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Figure 15. Regression based on the Sentinel-2 from 2017, and the UAV-based wild leek maps from 2018.

2.4.4 Percentage of Wild Leek Coverage maps

The regression equations developed for the Sentinel-2 and WorldView-2 images from 2018 were
used to create maps of percent wild leek cover. Figure 16 shows the wild leek map for all of Gatineau
Park based on the Sentinel-2 imagery, and Figure 17 shows the map based on the full extent of the
WorldView-2 imagery, which covers only the southern portion of the park.

Figure 18 shows a comparison the maps produced from Sentinel-2 and WorldView-2 imagery, for
an area with abundant wild leek. Figure 19 shows a comparison between the wild leek prediction for
Sentinel-2 and the resampled WorldView-2 imagery (F1-score = 0.18).
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2.5 Discussion

While providing some opportunities for mapping understory vegetation, near-surface remote
sensing based on UAVs acquires high-resolution imagery at the cost of covering small spatial extents
[7], and it is therefore unsuited on its own for monitoring vegetation across sites the size of many
protected areas, including Gatineau Park. Mapping wild leek by using UAV video to calibrate a
regression model for satellite imagery provides an option for mapping and monitoring wild leek in all
of Gatineau Park, producing maps similar to those based on field observations [69] but with complete
spatial coverage. However, the comparability between the UAV image and the satellite image might be
influenced by unwanted variability, such as scene illumination in imagery due to shadows and clouds.
Therefore, a careful interpretation of the output is important in order to avoid biased results.
Nevertheless, the method is fast and easily repeatable when compared to field-based methods, and in
addition to detecting the presence/absence of wild leek it also produces a measure of density, quantified
as percent ground cover.

The high-resolution maps based on ground and UAV data had high overall accuracy (F1-scores
between 0.64 to 0.84), and importantly they were able to detect the differences between the sites, e.g.
while dense wild leek was correctly found at sites Al, A2 and A3, once the corrected GCC threshold
was applied no wild leek patches was detected within the four corners at the MB site, which indeed has
only very few, small and sparse patches of wild leek. The use of a simple greenness threshold to
identify wild leek worked well for those sites, but failed at the SB site due to the substantial amount of
grass present there. However, manual removal of grass from the wild leek map of the SB site was quick
and easy, and resulted in a very accurate wild leek map for this site (F1 = 0.94). The optimal GCC
threshold is reasonably constant when applied to sites with similar environments (e.g. A1, A2 and A3),
but changes considerably when applied across different sites, such as SB (greater prevalence of other
understory vegetation) and MB (thick cover of decomposing leaves, and negligible amounts of wild
leek). Thus, the effectiveness of using a constant GCC threshold value across space was shown to be
impracticable [7].

The relationship between percent wild leek cover derived from UAV video and NDVI from the
Sentinel-2 image acquired in 2018 (two days after the UAV flights) was strong, and allowed the
percent wild leek cover to be predicted from the satellite imagery with an RMSE of 10.32. The
WorldView-2 image (acquired the day before the UAV-flight) showed a much noisier relationship
(RMSE = 37.64), which was partly improved by resampling to match the 10 m spatial resolution of the
Sentinel-2 imagery (RMSE = 13.06), due to MAUP scale effect. These two sources of satellite imagery

27



allowed production of similar wild leek maps (Figure 16 and Figure 17) that, based on experience from
field and visual inspection of the imagery, provide good descriptions of the actual distribution of wild
leek at the studied sites.

The comparison between the wild leek prediction maps for Sentinel-2 and the resampled
WorldView-2 images (Figure 19) had low accuracy (F1 = 0.18) due to misclassification of the
remaining coniferous pixels as wild leek. Figure 20 shows that the NDV1 threshold (0.06) applied on
the Sentinel-2 winter image to remove coniferous pixels from the spring images worked well on the
Sentinel-2 image but not so well on the WorldView-2 image. As we can see on Figure 20-A, there are
many red pixels (%WL prediction), in areas where clearly there are coniferous trees. The resampled
WorldView-2 image had more than four times more pixels misclassified as wild leek than the Sentinel-
2 image, which is the main reason for the low F1-score It is expected that a winter satellite image, with
higher spatial resolution, could have been able to remove the coniferous pixels present in the
WorldView-2 image better than the winter Sentinel-2 image. The selection of the “winter” image is

critical to eliminate coniferous successfully.

Figure 20. Remaining conifers pixels were misclassified as wild leek on both images, WorldView-2 (A)
and Sentinel-2 (B).
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For the inter-annual analysis, the relationship between NDVI from the 2017 Sentinel-2 image and
the percent wild leek cover from 2018 produced a similar error in %WL prediction when a new
regression was developed (RMSE = 12.84) as when the regression line calibrated with the 2018 image
was applied (RMSE = 16.97). It is not surprising that the relationship between UAV-based wild leek
map acquired in 2018 is better with the 2018 Sentinel-2 image, since the phenological development of
wild leek is more likely to be similar to the image that was acquired the same year than to an image that
was acquired in a different year from the field and UAV data. It is expected that the higher RMSE
obtained with the 2017 Sentinel-2 image is more related to the timing difference on the stage of wild
leek development between the fieldwork and satellite date than with the actual change of wild leek
coverage. This suggests that if possible, all data should be acquired in the same year, and at the same
time. However, for monitoring purposes, the relatively small increase in RMSE when applying a linear
model to imagery collected at a similar time but in a different year suggests that the NDVI-%WL
relationship can be stable between years, and that wild leek distribution therefore can be monitored
without the need for coincident field and UAV data collection.

The potential to use satellite imagery for monitoring wild leek, in addition to producing a map of its
current distribution, thus depends on a) the cost of producing each map update, and b) the accuracy

with which change can be detected between subsequent maps.

2.5.1 Limitations

The principal limitation of the method is that it depends on the existence of cloud-free satellite
imagery from the relatively short (~5 week) period during which green wild leek is visible through the
leafless canopy. With Sentinel-2 data, and depending on local cloud climatology, this typically limits
its application to contexts in which periods of 2-3 years between wild leek map updates would be
acceptable. However, this limitation is likely to become less important over the coming decade as
multiple satellite constellations (e.g. from Planet, DigitalGlobe) will provide daily global imaging
capability at ~ 5m spatial resolution, covering the visible and near-infrared wavelengths.

Despite the generally high accuracy of the UAV-based wild leek maps, an efficient approach that
distinguishes grass from wild leek in an automated fashion is needed. None of our attempts to separate
grass from wild leek were successful, and a method to overcome this problem is important to eliminate
grass patches from the wild leek maps produced from UAV data. It is likely that a sensor with
additional spectral resolution would be capable of automatically separating those two types of

vegetation and also better discriminate wild leek from other forest floor species [7].
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In a future application of the method developed and presented in this study, we suggest obtaining
ground and UAV data from sites with a greater range of wild leek coverage and forest floor
background, to ensure that the full range of environments found in Gatineau Park are better represented
in the data points used to calibrate the NDVI-wild leek regression relationship. We also recommend
that all the data should be collected in the same year, although the one-year difference between
field/UAV data and satellite imagery tested here did not increase predictions errors greatly. Whether
this increase in prediction errors is acceptable given that the approach allows updating wild leek maps
for a large area without conducting additional fieldwork will depend on management context. Using
this methodology, the monitoring frequency of species at risk in Gatineau Park, including wild leek,
that is currently 5 years [65,66], could decrease to every 2 to 3 years. This approach could thus
simultaneously reduce the cost and increase the spatial extent and frequency of monitoring, compared

to current labour- and time-intensive methods that are based on human field observations.

3 Conclusion

Using ground photos, UAV video and satellite imagery collected during the short period of the year
when wild leek is visible through the leafless canopy, this study demonstrated the ability to map wild
leek across the full ~361 km? Gatineau Park, Canada. UAV-based wild leek maps were produced at a
low cost for small areal extents, and used to calibrate regression relationships between satellite-derived
NDVI and percentage wild leek cover. Despite the two different vegetation indexes used to detected
wild leek, GCC and NDV1 were both able to provide comparable high accuracy results. When applied
to Sentinel-2 or WorldView-2 satellite imagery, percentage wild leek cover was predicted with RMSE
values smaller than 20, and visual assessment of the resulting wild leek maps suggested they provide an
accurate portrayal of wild leek distribution in the park. Most of the areas where there was
misclassification of wild leek belong to coniferous trees that were not perfectly excluded from the
spring images. Application of UAV data or calibrated regression relationships to satellite imagery from
a different year only slightly increased wild leek cover prediction errors, suggesting strong potential for
wild leek monitoring with this approach. The data acquisition and processing workflow, outlined in
detail in this study, is an effective method to map wild leek in Gatineau Park, though removal of grassy

areas is required for improved automation.
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