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Preface

This thesis is the final part of my studies in Geoinformatics at the University of Salzburg (UNIGIS). It was
carried out between February 2022 and October 2022 in New Zealand. It highlights the results of the
detection and classification of invasive exotic conifers with Sentinel-2 satellite data using machine learning
techniques.

This thesis is submitted as a manuscript-based thesis as it identifies and addresses a research gap. The
techniques and results are highly relevant for the ecology and management of invasive species and will
help to monitor and manage these. It is intended to publish the manuscript in a high-impact peer-reviewed
journal.

The manuscript is written for publication in ‘Forest Ecology and Management’. This journal has a strong
focus on forest ecology but aims to link this with forest management. The editors encourage to submit
manuscripts with novel ideas or approaches to important challenges in forest ecology and management, and
the use of remote sensing technologies has been highlighted in numerous publications. Last, the journal
encourages communication between scientists in disparate areas who share a common interest in ecology
and forest management, bridging the gap between research workers and forest and land managers.
Therefore, this journal is a suitable pathway to publish the results of this research.

This thesis contains two main sections. The first comprehensive section includes the manuscript that will
be submitted to the ‘Forest Ecology and Management’ Journal shortly for publication. The short report in
section 2 covers the further technical analysis of this research work, which has not been included in more
detail in the manuscript. Due to the comprehensive and very detailed manuscript (>11,000 words), this
section is relatively short. Most aspects have been covered in the manuscript due to its methodological
research question.



List of Contents

ACKNOWIBAGEMENTS ...ttt bbbt bt e bt bt e bbbt b e b e eb e e n e |
SCIENCE PIBUYE ... ettt bt e st b ekt b bbb bt et b e n e n e ere s Il
e o1 OO SO TP RSP TRP i
TaDIE OF CONLENES ...t b etk b e bt bbbt besbenn e v

A) Manuscript

A 01 1 o) ST 1

I [T [FTot o] RO OO TSP PRTPR 1

2. Materials & METNOMAS .......ooiiii ettt ettt ste s e ere e teteste e e e seeneas 3

2.1, STUTY @I ...ttt bttt h bbbtk b bt bbbt r s 3

2.2. IMIBENOOS ...ttt bbb bbb Rt e bt e Re bbb nne e ene s 4

2.2.1. Sentinel-2 data and environmental Variables .............cccceviiiieiireienin i 6

2.2.2. High-resolution reference data ...........c.coouveieieiiineieeeeese e 8

2.2.3. CIASSITICALION ...ttt be b 8

2.2.4. Random FOreSt MOUEI ........ooiiiiiieiiee ettt sre s 9

2.2.5. Variable importance aSSESSIMENT ..........ccoiiirireirienesiesieeeese et 10

2.2.6. GroUNd TrULNING ...vooviiice et s b e e te et e b snee e 10

K TR ST OSSR 11

3.1, ClaSSITICALION FESUILS .....vcvveieieieeierie sttt ete e besre e s e e e sreeneeneennas 11

3.2. Random Forest model PErfOrMAaNCE ........cccvovi ittt eree s 15

3.3. Variable importance aSSESSMENT .........cciiiieieieiieiirte ettt 15

3.4, GroUNG TIUTNING ..ottt bt ne bbbt 18

o011 o] OSSOSO 18

4.1. Assessment of the results of Sentinel-2 imagery classification ............ccccooviiviiinincicnen 18

4.2. Assessment of the results of high-resolution WorldView-3 classification .............cccccceevvennen. 21

4.3. Sentinel-2 vs. high-resolution IMAGEIY .......c.cceiiciiiice e e 22

ST O] o [1E] o] o SR 23

[ LC T =) T SR 25

F AN o] 011310 ) RSSO SRR 29
B) Report

TR ST A1 < SR 33

0 0 O = TSSOSO 33

B.1.2. AFCGIS PrO.....eiieiicie ettt bbbt bbb b 34

6.2. Sentinel-2 data Pre-PrOCESSING........ui i riereeiereee et seeeneeete et e st te et e ste e seeeseeseeetesreeseeseesneeeesee e 35

OIS o= L1 o SO 35

6.4. ACCUIACY ASSESSIMEINT ......iiiiiieitiett ettt ettt st e be e sh e et e e sb e e st e e abe e sbe e sbeeseeesbeenbeebeenbe e 36

6.5. AULNOT CONTIDULIONS ..ottt ettt seeene e e e e 36

RETEIEINCES ...eeeeeeeeeeeeeeee ettt e e oo e ettt e e e e e e ettt e e e e e e e e e eteeeeeee e e n et eeeeeeeaeeeeeeaaa e eateeeeeaanaaareees 37



A) Manuscript

Detection of invasive exotic conifers and control measures with Sentinel-2
satellite data

Authors: Sebastian Klinger™ 2, Grant Pearse!, Benjamin S.C. Steer!, Thomas Paul®
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3046, New Zealand
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* Corresponding author: sebastian.klinger.nz@gmail.com

ABSTRACT

Invasive species are a threat to rare ecosystems and can cause adverse effects on indigenous biodiversity,
productive land use and landscape experience. In New Zealand, several invasive exotic conifer tree species
have been introduced in the last century and have now invaded around 2 million hectares. To manage and
control invasive exotic conifers, the New Zealand Government has spent nearly NZ$100 million over the
last five years to stop further spread and remove large infestations in many parts of the country. With the
ongoing management of invasive conifer infestations on a large-scale, remote sensing techniques offer a
promising tool to monitor the development of existing and new infestations and track the success of the
national control programme efficiently.

In our study, we tested freely available Sentinel-2 satellite data to detect advanced exotic conifer
infestations. We developed pixel-based classifiers to detect areas infested with exotic conifers in Sentinel-
2 imagery and compared the accuracy of these classifiers against the accuracy of classifiers developed from
high-resolution imagery. An accuracy of 99 % in the validation model could be achieved in the
classification of healthy conifer infestations with Sentinel-2 imagery. Conversely, the accuracy of high-
resolution classification with WorldView-3 was only 82 % in the validation model. The higher accuracy of
Sentinel-2 is attributed to the availability of spectral bands in the SWIR and red-edge spectrum and the
higher purity of pixels in the training data. Consequently, classification with Sentinel-2 imagery is a
promising tool to detect and monitor advanced infestations of unwanted exotic conifers. The detection of
treated exotic conifer infestations was improved during the red-needle stage that occurs shortly after control
operations and before needle-fall (grey phase).

Keywords: invasive conifers, remote sensing, Sentinel-2, invasive alien plants, invasive
species management, tree detection and mapping, ecology

1. INTRODUCTION

Northern hemisphere conifers, in particular those of the genus Pinus have become invasive after their
introduction for timber production, soil stabilisation or amenity into the southern hemisphere (Nufiez et al.,
2017; Richardson & Rejmanek, 2011). In New Zealand, invasive exotic conifers invade indigenous low-
stature ecosystems such as native or semi-native grasslands that often form the basis for food production
through grazing. The impact of such tree invasions in New Zealand on the loss of agricultural production,
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landscape value and risk of habitat loss to indigenous flora and fauna are estimated to be in the billions
(Ministry for Primary Industries New Zealand, 2014; Nufiez et al., 2017; Richardson & Rejmanek, 2011).
A recent review on ecological research to improve long-term outcomes of invasive conifer management
describes different pathways to the desired land use outcomes after control operations (Dickie et al., 2022).
Pine species, such as Pinus contorta (Douglas ex Loudon) (lodgepole pine), P. sylvestris L. (Scots pine)
and P. nigra J.F. Arnold subsp. nigra (Corsican pine) are considered invasive weeds in New Zealand. The
New Zealand Government runs a large management programme to control ‘wilding pines’ under the ‘New
Zealand Wilding Pine Strategy’ (Ministry for Primary Industries New Zealand, 2014). Even with
substantial efforts to control wilding infestations in the past, wilding pines are still present on around 2
million hectares of New Zealand’s unique natural environment (Peltzer, 2018). This area is already larger
than New Zealand’s total well-managed exotic forest plantation estate with around 1.7 million hectares
(New Zealand Forest Owners Association, 2020) and in 2014 the government estimated that the area
invaded expands at a rate of 6% per year under the past level of management (Ministry for Primary
Industries New Zealand, 2014).

Since the total area affected by wilding pines is large, and infestations are widely distributed, remote sensing
approaches to estimate extent and density have been identified as a promising tool to support control
programmes by enabling the monitoring of control success and mapping the ongoing spread and
intensification of wilding infestations (Nufiez et al., 2017; Visser et al., 2014; Sprague et al., 2019; Dash et
al., 2019a). Approaches to describe invasive conifers with different remote sensing data from different
platforms like UAV (Dash et al., 2019b), aerial images (Sprague et al., 2019) and laser scanning (Dash et
al., 2017) or Landsat satellite imagery (Dash, 2020) have shown great potential to monitor invasion of
wilding pines at different spatial scales. To detect large-scale spread of wilding pines or control activities,
medium-resolution Landsat satellite imagery has proven to be very suitable (Dash, 2020). Time-series
remote sensing data can also inform about the historical patterns and spread through sequential information
and detect landscape changes (Dash, 2020). Landsat imagery has also been used to monitor the spread of
invasive Acacia longifolia in Portugal (de Sa et al., 2017) and several vegetation change detection
algorithms based on Landsat time-series data have been developed (Zhu, 2017; Kennedy et al., 2015).
While multi-spectral, very high resolution (VHR) satellite or airborne hyperspectral data have also been
used successfully for tree species mapping (Immitzer et al. 2012; Fasshacht et al., 2017; Waser et al., 2014),
the use of such approaches operationally across large areas is often limited by high acquisition costs and
the difficulty in capturing large areas quickly.

With the launch of Sentinel-2 satellites in 2015 and 2017, freely accessible satellite imagery with a
comparatively high spectral, spatial (ten bands with 10-20m and three bands with 60 m) and temporal (3-5
days) resolution (ESA, 2022a) have become available and have proven to be beneficial to many applications
in forest environment such as forest mapping (Bolyn et al., 2018), tree species mapping (Grabska et al.,
2020; Grabska et al., 2019; Immitzer et al., 2019), land-use and land-cover mapping (Forkuor et al., 2018),
forest resource inventory (Malcolm et al., 2021) and small-scale change detection in forests (Grabska et al.,
2020). Sentinel-2 data have not been used to date to map areas affected by wilding pines in New Zealand
or to evaluate control measures of the National Control Programme. The addition of red-edge bands and
the higher spatial resolution of Sentinel-2 imagery results in significant improvements in land-cover
mapping compared to the previously used Landsat imagery (Forkuor et al., 2018) and shows promise to
detect and monitor exotic conifer infestations in New Zealand.
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The aim of this study was to test freely available Sentinel-2 satellite imagery to detect wilding pine
infestations of various densities and sizes in a heterogeneous landscape, their development over time and
to test whether Sentinel-2 data are suitable for tracking land cover changes associated with historical
invasive conifer spread and the control of conifer infestations in New Zealand.

In particular, the objectives of this research were (A) to develop a pixel-based classifier to detect wilding
pines in Sentinel-2 imagery using spectral bands and common vegetation indices, (B) to evaluate how
accurate this classifier was at detecting invasive exotic conifers in natural and semi-natural ecosystems
compared to a classifier developed from using high-resolution imagery from the WorldView-3 satellite and
(C) test if this classifier can be used to detect successful control activities in previously invaded areas by
comparing pre and post control Sentinel-2 images.

2. MATERIALS & METHODS
2.1. Study area

The study site ranged from 540 to 1530 m in elevation, with slopes up to 41° (Table 1). Mean annual
temperature ranged from 4.2 — 9.5°C, and mean annual rainfall between 800 and 1000 mm (Table 1); Soils
included mostly acidic allophanic brown soils. The vegetation is predominantly low-producing or depleted
grasslands, dominated by exotic grasses such as Agrostis spp., Anthoxanthum odoratum with some native
grass species also present (Poa colensoi, Festuca novae-zelandiae). Tall tussock grasslands (Chionochloa
spp.), smaller shrubs such as matagouri (Discaria tomentosa), manuka (Leptospermum scoparium) and
kanuka (Kunzea robusta), indigenous mountain beech forests (Fuscospora cliffortioides), exotic forests,
shelterbelts and invasive exotic pines are also part of the vegetation mosaic of the study area. Unvegetated
areas such as open soil, gravel and rocks are also part of this typical mountainous landscape on the eastern
side of the South Island Great Divide (Wardle, 1991).

Table 1: Site parameters related to growing conditions, including altitude (Landcare Research NZ Ltd,
2020a), slope (Landcare Research NZ Ltd, 2020b), mean annual temperature (Landcare Research NZ Ltd,
2020c), average annual rainfall (Ministry for the Environment and Statistics NZ, 2017), and soil class
(Landcare Research NZ Ltd, 2018; Hewitt, 1998)

. Mean
Altitude Slone annual Average annual Main Soil
Region Latitude | Longitude | range op rainfall 1972-2016
[°] |temperature class
[m] pyh [mm]
[°C]
Acidic
Canterbury, .
New | -43.1667°| 171.7445° | 307 10_.41| 42-95 800-1000 | Allophanic
1530 Brown
Zealand Soils
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Figure 1: Map of the study area.

2.2. Methods

In this study, we used four different satellite imagery datasets. One pair of images was taken in summer
2015/2016 and the other pair in summer 2022. Each pair consists of one high-resolution satellite image
used as a reference for ground truth and training areas as well as evaluation and one Sentinel-2 image. The
exact recording dates are shown in Table 2. Figure 2 provides an overview and a workflow diagram of the
methods used to process the imagery in this study.
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Figure 2: Workflow diagram of methods

Classifiers were developed from the 2015 Sentinel-2 and the WorldView-3 satellite data to compare the
Sentinel-2-derived classification against a high-resolution classification. ‘Healthy pines’ as well as already
controlled ‘unhealthy pines’ are both present in these early scenes. The second pair of images (summer
2022) was recorded after all pines in the scene had been controlled with the purpose of elimination and only
a few ‘unhealthy’ dying or dead pines remained.

Control operations of wilding pines span from manual control such as pulling and cutting, ground-based
chemical application methods (knapsack or pasting) to aerial spot spraying of individual trees and larger
scale boom spray operations of dense stand-like infestations using helicopters (Ministry for Primary
Industries New Zealand, 2014). When herbicide-based control methods are applied, conifer needles initially
turn red (“red phase”). With time (~1 year), the dead trees cast their needles and the tree skeleton remains
(“grey phase™). Therefore, controlled trees will first appear green-red, red, and finally grey in an RGB
image.

The Sentinel-2 classifiers developed from the 2015 scene were later applied to the 2022 Sentinel-2 scene

to estimate the extent and success of the control operations of wilding pines which occurred after the first
scene was taken. The second high-resolution dataset (GeoEye-1) was used to assess the quality of the
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predicted classification map for the Sentinel-2 imagery from 2022 with the classifier developed with the
Sentinel-2 2015 imagery.

Table 2: Imagery used in the study

Description Satellite Date
Only some pine areas have  Sentinel-2 31/12/2015
been controlled WorldView-3 21/01/2016
Post large-scale control Sentinel-2 13/01/2022
operations GeoEye-1 27/02/2022

2.2.1. Sentinel-2 data and environmental variables

The freely available Sentinel-2 satellite data used in our study (Level-2A product for 2022; Level-1C
product for 2015; tile number T59GNN;) were downloaded from the Copernicus Open Access Hub
(https://scihub.copernicus.eu/). Since Level-2A data are only available from January 2018 outside Europe
(ESA, 2022a), Level-1C products were retrieved from the Copernicus Hub for the 2015 imagery and
processed to Level-2A using the Sen2Cor package. Version 2.5.5 of Sen2Cor was used, as this is
recommended for older Sentinel-2, Level-1C data products. This pre-processing includes atmospheric,
terrain and cirrus correction of Top-Of-Atmosphere Level 1C input data to an orthoimage Bottom-Of-
Atmosphere (BOA) corrected reflectance product (Level-2A) (ESA, 2022a).

We used manually selected, cloud-free imagery to avoid the impact of clouds and cloud shadows in the
area of interest (AOI). In the first scene from 2015, only a small area of pines had been subject to control
activities in the AOI, the second image was recorded in 2022 after a larger area had been subject to control
operations. Their exact acquisition dates and the corresponding high-resolution imagery used for reference
and evaluation are summarized in Table 2. We selected all Sentinel-2 bands with 10 m and 20 m spatial
resolution (Table 3). Resampling of 20 m bands to 10 m was performed in R version 4.2.0 (R Core Team,
2022) using the raster package (Hijmans, 2022) and the bilinear interpolation method.

Vegetation indices calculated from combinations of bands have been successfully used to extract
meaningful information about land cover and many different vegetation indices have been developed
(Bannari et al., 1995; Schindler et al., 2021). In this study, we tested nine vegetation indices summarised in
Table 4. All calculations were performed in R version 4.2.0 (R Core Team, 2022) using the ‘raster’
(Hijmans, 2022), ‘RSToolbox (Leutner et al., 2019)’, ‘rgdal’ (Bivand et al., 2015), ‘sf (Pebesma, 2018),
‘random forest’ (Liaw & Wiener, 2002), ‘caret’ (Kuhn et al., 2020) packages and visualised using ‘ggplot2’
(Wickham, 2016) and ArcGIS Pro (Esri, 2022).
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Table 3: Sentinel-2 spectral bands used in this study. Indicative average central wavelengths and
bandwidths for Sentinel-2 A & B bands (ESA, 2022a)

Band  Short Name Central Bandwidth Spatial
Wavelength Resolution
02 Blue 492 nm 66 nm 10m
03 Green 559 nm 36 nm 10 m
04 Red 665 nm 31 nm 10m
05 Red-edge 1 704 nm 15 nm 20m
06 Red-edge 2 740 nm 15 nm 20m
07 Red-edge 3 782 nm 15 nm 20m
08 Near Infrared (NIR) wide 833 nm 106 nm 10m
8A Near Infrared (NIR) 864 nm 21 nm 20m
narrow
11 Shortwave Infrared 1612 nm 92 nm 20m
(SWIR) 1
12 Shortwave Infrared 2194 nm 180 nm 20m
(SWIR) 2

Table 4: Spectral/vegetation indices used in this study

Index Sentinel-2 band combinations Description Reference
EVI 2.5* (B8BA -B04)/ (BBA +6* Enhanced Vegetation Huete et al. (2002); Nagler et
B04 -7.5*B02 + 1) Index al. (2005)
Gl B03/B04 Greenness Index Smith et al. (1995)
MSI B11/B08 Moisture Stress Serrano et al. (2000)
Index
NBR (B08 - B12) / (B08 + B12) Normalised Burn Key and Benson (1999); Roy
Ratio et al. (2006)
NDVI (BO8 - B04) / (B08 + B04) Normalised Rouse et al. (1974); Tucker
Difference (1979)
Vegetation Index
RESRI; B06 / B05 Red-Edge Zarco-Tejada et al. (2001);
SR 735/710 Single Ratio Index; Gitelson et al. (1999)
Simple Ratio
735/710
SIPI1 3 (BO8 - B02) / (BO8 - B04) Structure Intensive Blackburn (1998)
Pigment Index 3
TGI 0.5* (190 * (B4-B3)-120*  Triangular Greenness Hunt et al. (2013)
(B4 -B2)) Index
VARIgreen (B0O3 - B04) / (BO3 + BO4 - Visible Gitelson et al. (2002);
B02) Atmospherically Gitelson et al. (2001);
Resistant Index Gitelson et al. (2003)
Green

Normalised Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI) and Moisture Stress
Index (MSI) are frequently used in land cover classification (Guyot & Baret, 1988; Huete et al., 2002;
Nagler et al., 2005; Rouse et al., 1974). The Normalised Burn Ratio (NBR) has been used frequently to
assess forest disturbance severity, especially fire detection (e.g. Roy et al., 2006; Veraverbeke et al., 2010),
but was also used recently for the detection of invasive conifers with Landsat imagery by Dash (2020). The
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simple Greenness Index (GI) was used as visualisation for the discolouration of green plants and as an
approximation of the visual observation (Moya & Flexas, 2012; Scholten et al., 2019). Two more visible
band indices were used in this study: Visible Atmospherically Resistant Index Green (VARIgreen)
(Gitelson et al., 2002; Gitelson et al., 2001; Gitelson et al., 2003) and the Triangular Greenness Index (TGI)
(Hunt et al., 2013) which proved to be highly suitable to detect leaf chlorophyll content (Hunt et al., 2013).
The Structure Intensive Pigment Index 3 (SIPI 3) is suitable for the analysis of vegetation with variable
canopy structure (Pefiuelas et al., 1995; Fusaro, 2019). It has been used to describe the stress level of
vegetation and related vegetation health, and for identifying crop diseases (Tong & He, 2017). The Red-
Edge Single Ratio Index (RESRI) or Simple Ratio 735/710 makes use of the red-edge bands and is
described as a precise indicator of chlorophyll content of plant leaves (Gitelson et al., 1999).

2.2.2. High-resolution reference data

A high-resolution evaluation dataset (WorldView-3) as well as local knowledge was used to test the quality
of the classifier and to make sure the training and validation dataset are accurate. We also developed a high-
resolution classifier derived from all eight multispectral bands and four calculated vegetation indices
(NDVI, GI, SIPI 3, TGI) to compare the performance against the Sentinel-2 classifier.

Table 5: WorldView-3 spectral bands in Visible Near Infrared (VNIR) used in this study (ESA, 2022b).

Band Short Name Spectral band  Spatial Res. (max.)
1 Coastal Blue 400 - 450 nm 1.24m
2 Blue 450 - 510 nm 1.24m
3 Green 510 - 580 nm 124 m
4 Yellow 585 - 625 nm 1.24m
5 Red 630 - 690 nm 1.24m
6 Red-edge 705 - 745 nm 1.24m
7 Near Infrared (NIR) wide 770 - 895 nm 1.24m
8 Near Infrared (NIR) narrow 860-1040nm 1.24m

A second high-resolution image (GeoEye-1) was used to evaluate the predicted classification of the
Sentinel-2 imagery with the classifier developed using the 2015 Sentinel-2 imagery. GeoEye-1 was the
only available and suitable image with a small temporal gap to the Sentinel-2 imagery.

The WorldView-3 multispectral image used in this study was acquired on 21 January 2016, with 1.24 m
spatial resolution (Table 5). The image was acquired with a mean off-nadir view angle of 17.7° and mean
solar azimuth and elevation angle of 163.9° and 56.3°, respectively. The WorldView-3 satellite sensor
provides eight multispectral bands covering four commonly used spectral band (blue, green, red, and near-
infrared wide) and four less common bands (coastal blue, yellow, red-edge, and near-infrared narrow).
Atmospheric correction of the data was performed by the provider (DigitalGlobe, now Maxar) to obtain
surface reflectance. This was achieved using a physically-based normalization of the digital numbers. The
multispectral product was then pan-sharpened using the Gram-Schmidt algorithm, resulting in a higher
spatial resolution of 0.30 m, increasing the efficacy of visually identifying wilding pines.
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2.2.3. Classification

Three classification strategies were tested in this work. First, the AOI was classified into two different
landcover classes: ‘healthy pines’ (green in RGB image) and ‘other’. The ‘other’ class included all
remaining landcover types present in the scene, such as native forests, unhealthy pines, grassland,
shrublands, roads or soil/rocks or water.

In the second classification strategy, the AOI was classified into three different landcover classes: ‘healthy
pines’, ‘unhealthy pines (red and brown-grey in an RGB image)’ and ‘other’. Examples showing the
different classes and the stages of ‘unhealthy pines’ are shown in Figure 3.

Similar to the first classification approach, the ‘other’ class in the second strategy included all other land
covers present in the scene such as native forests, grassland, shrublands, roads or soil/rocks or water. The
third classification strategy consisted of four landcover classes: ‘healthy pines’, ‘unhealthy pines’, ‘native
forest’ and ‘other’.

Training data for use in the supervised machine learning algorithm were delineated based on visual analysis
of high-resolution imagery combined with local site knowledge and records and maps of control operations
which have been conducted over the years. These input data were split randomly into training and validation
subsets in a ratio of 70:30. The training and validation data consisted of up to 106 polygons, split into 27
‘healthy pines’, 23 ‘unhealthy pines’, 14 ‘native forests’ and 42 ‘other’ polygons respectively.

The same classification strategies were deployed to develop the high-resolution classifier from WorldView-
3 imagery. 31 training polygons were slightly shifted spatially to reflect the distortion of the imagery
compared to the Sentinel-2 imagery and to make sure the same area of landcover class was used for each
training area.

Figure 3: Health classes of wilding pines as defined in this paper. A) shows a transition from ‘healthy
pines’ (left) through the different stages of ‘unhealthy pines’ (red-green, red/brown, grey); B) points out
the difficulty for classification with an intermix of different health classes; C) shows the optimal ‘healthy
pine’ class whereas D)-G) are all part of the ‘unhealthy pines’ class at different times post control operations
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2.2.4. Random Forest model

The supervised machine learning algorithm Random Forests (RF) was used in this study to perform
classification of ‘healthy pines’, ‘unhealthy pines’, ‘native forests’ and ‘other land cover’ using the training
data to predict categories for the AOI. This method was chosen, because there are many successful use
cases in remote sensing using the RF algorithm (Pal, 2005; Forkuor et al., 2017; Grabska et al., 2020;
Immitzer et al., 2012; Immitzer et al., 2019; Pullanagari et al., 2018; Einzmann et al., 2021). While single
decision trees have the tendency for overfitting, the RF algorithm combines a long list of single decision
trees which is more robust to overfitting. It uses a random subset of variables at each decision node and the
number of decision trees and variables are the main model input parameters (Breiman, 2001; Liaw &
Wiener, 2002). It also performs bootstrap aggregation (bagging) and identifies the relative importance of
features during classification (Breiman, 2001). Other recent studies demonstrated that the RF classifier was
robust and produced consistently good results compared to other classification algorithms (Persson et al.,
2018; Belgiu & Dragut, 2016) and is even robust and effective with unbalanced data (Breiman, 2001; Pal,
2005; Hastie et al., 2009).

Satellite spectral band values and calculated vegetation indices from the pixels within the training areas
were used as predictors in the RF model. We used the ‘superClass’ function from the RStoolbox package
(Leutner et al., 2019) in R and tested different settings for cross-validation (k-fold) and a number of tuning
parameter combinations (tuneLength). In this paper, we present the settings which achieved the highest
accuracy of the models, a 5-fold cross-validation and a tune length of three. Random numbers were created
(set.seed(5)) for the simulations to ensure all results are reproducible.

To assess the model accuracy, confusion matrices, overall producer’s and user’s accuracy as well as kappa
values were computed (Appendix, Tables 7-12).

2.2.5. Variable importance assessment

Variable importance assessment is an important step for high dimensional data and a key step in comparing
Sentinel-2 with WorldView-3 data. The RF model supports two methods, Mean Decrease Gini (MDG) and
Mean Decrease Accuracy (MDA), to estimate the importance of each predictor variable in the model (Dash
et al., 2017). We selected the MDG method as one of the most popular variable importance assessment
methods which provides more robust results compared to the MDA (Calle and Urrea, 2011). Out of bag
(OOB) sample data are used to calculate variable importance in the RF model (Mellor et al., 2013; Cutler
et al. 2007). MDG describes how important each variable is and is calculated by summing all of the
decreases in Gini impurity at each tree node split, normalised by the number of trees (Criminisi et al., 2012;
Mellor et al., 2013; Dash et al., 2017). Higher values of MDG scores show higher importance of the variable
in the model. Variable importance assessment was performed using the ‘varlmp’ function of the caret
package (Kuhn et al., 2020) in R.

2.2.6. Ground truthing

The validation of the classification (ground truthing) was performed using accuracy assessment points and
a confusion matrix. A total of 130-150 accuracy assessment points outside the training and validation
polygons were randomly created in ArcGIS Pro using the “equalised stratified random” method. Each point
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was assessed for each classification approach (2-4 classes) and satellite data (Sentinel-2 and WorldView-
3); “Ground truthing”, i.e., determining the correct class for each point, was done using the high-resolution
WorldView-3 and GeoEye-1 pan-sharpened imagery as a reference, local knowledge of the vegetation and
site and records and maps of control operations. A confusion matrix was calculated from both the classified
and the reference points which can be found in the Appendix (Tables 13-18).

3. RESULTS
3.1. Classification results

The classification maps are shown in Figures 4-6. Classification of the Sentinel-2 imagery (Figure 4) gives
a very good agreement with the reality, showing a large native forest (Figure 4B) in the northwest and
‘healthy’ and “unhealthy pines’ predominantly in the centre.

The high-resolution classification of the WorldView-3 imagery (Figure 5) provided a fine delineation of
vegetation (e.g., shelterbelts) and other landcover classes. However, the classification and separation of
vegetation classes (‘healthy pines’, ‘unhealthy pines’ and ‘native forest’) is not as accurate as in the
Sentinel-2 classification. The native forest in the northwest for instance is misclassified as ‘healthy’ or
‘unhealthy pines’ in several cases.

The predicted classification of the landcover of the 2022 Sentinel-2 imagery (Figure 6) with the classifier
developed from the 2015 Sentinel-2 imagery delineates ‘unhealthy pines’ well, but also confused ‘native
forests” with ‘healthy pines’ in several cases, especially in the north-western part of the map. The
eradication of ‘healthy pines’ through control operations is not reflected in the predicted map.
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Sentinel-2 imagery and classifications

Legend N

A) Sentinel-2 RGB image with training areas
B) 4 classes classification
C) 3 classes classification
D) 2 classes classification

= 'Other’
0 ='Healthy Pines'
B - 'Unhealthy Pines'
I = 'Native forest'

Figure 4: Map classification results of Sentinel-2 imagery
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WorldView-3 imagery and classifications

Legend
= 'Other' A) RGB image with training areas
I = 'Healthy Pines' B) 4 classes classification
B - 'Unhealthy Pines' C) 3 classes classification
B —Native farest! D) 2 classes classification

Figure 5: Map classification results of WorldView-3 imagery
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R . i TR

Predicted landcover classes on Sentinel-2 imagery from 2022

Legend N
= 'Other' _ A) RGB image GeoEye-1 as reference

I = 'Healthy Pines' B) 4 classes classification

B - 'Unhealthy Pines' C) 3 classes classification

B - Native forest' D) 2 classes classification

Figure 6: Classified 2022 Sentinel-2 imagery scenes developed with the 2015 classifier (predicted
classification)
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3.2. Random Forest model performance

The performance of the model for Sentinel-2 imagery is very high with an accuracy of 0.99 and 0.96 and
kappa values between 0.96 and 0.92 (Table 6). In contrast, accuracy and kappa values of WorldView-3
image classification models were lower with accuracy between 0.80 and 0.82 and kappa between 0.62 and
0.72 respectively.

Table 6: Validation summary of different classification approaches with Sentinel-2 and WorldView-3;
sensitivity classes: 1= ‘other’; 2 = ‘healthy pines’; 3 = ‘unhealthy pines’; 4 = ‘native forest’; detailed
confusion matrices are provided in the appendix (Tables 7-12)

. Classification Sensiti- | Sensitivity (classes Speci- | Specificity (classes
Satellite approach Accuracy | Kappa vity 1 2 (3 z fipcity 1p 2 (3 42
2 classes 0.99 0.96 1 0.93
Sentinel-2 3 classes 0.99 0.94 0.99/0.92|1.00 0.95|1.00|0.99
4 classes 0.96 0.92 0.95[0.94|0.99|0.99 0.99|1.00|0.99|0.96
. 2 classes 0.82 0.62 0.83 0.81
WorldView: ™3 classes | 080 | 0.67 0.78]0.81] 0.84 0.83]0.85]0.98
4 classes 0.80 0.72 0.85]0.86 0.85|0.47 0.9010.88(0.99|0.95

3.3. Variable importance assessment

Sentinel-2

The most important variables for the classifications of the Sentinel-2 imagery are RESRI, NBR and band
11 (SWIR 1). NDVI and B12-band (SWIR 2) were also important in all three approaches (Figure 7). All
these vegetation indices and bands are in the red wavelength spectrum. While RESRI uses red-edge bands,
the NBR as well as band 11 and band 12 use the short-wave infrared wavelength. Near-infrared bands
ranked low in importance with band 8 always around the least important and band 8A mostly among the
lowest important bands.

‘Green’ vegetation indices like TGI, VARIGREEN and GI were of higher importance in the discrimination
of the 3-class classification approach where ‘healthy pines’ were separated against ‘unhealthy pines’ and
the rest of the landcover classes.

WorldView-3

In the absence of any shortwave infrared bands and indices, GI, NDVI and TGI were very important in the
classification approaches of the high-resolution imagery (Figure 8). Red and blue bands were the least
important in most approaches.
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Figure 7: Variable importance of Sentinel-2 classification approaches; the variable importance
automatically scales the importance scores to be between 0 and 100 (Mean Decrease Gini) (Kuhn et al.,

2020).
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Worldview-3 classification with 2 classes
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Figure 8: Variable importance of high-resolution classification approach (WorldView-3)
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3.4. Ground truthing

The results of the ground truthing in the format of a confusion matrix can be found in the Appendix. Overall
user's accuracy (U_Accuracy column) and producer's accuracy (P_Accuracy column) for the 2-class
classification of Sentinel-2 was very high with an accuracy of 96% and 91% kappa respectively. Overall
user’s accuracy for the 3-class Sentinel-2 classification is at 76 % and overall kappa at 63 %, which was
the least accurate classification of the Sentinel-2 classification approaches. The 4-class classification
resulted in an accuracy of 82% and a kappa value of 76%. The most confused classes in the Sentinel-2
classification were the ‘unhealthy pines’ class.

High-resolution classification achieved significantly lower accuracy and kappa values. The values for the
2-class classification resulted in an accuracy and kappa value of 68 % and 33 % respectively. Overall
accuracy for the 3-class classification is at 63 % and overall kappa at 45 %, which was the least accurate
classification of the high-resolution classification approaches. The 4-class classification resulted in an
accuracy of 71 % and a kappa value of 61 %. ‘Healthy pines’ and ‘native forest’ were the most confused
classes in the high-resolution classification.

4. DISCUSSION
4.1. Assessment of the results of Sentinel-2 imagery classification

The classification of wilding pines from Sentinel-2 imagery worked well with comparably high accuracy
between 96-99% in the validation of the model. Ground truthing accuracy were between 76% (3-classes
classification) and 96% (2-classes) accuracy respectively, which confirms the high accuracy results of the
model. Also, from a visual assessment, the recognition of healthy pines worked very well, covering all
bigger areas where wilding pines occurred. The separation between native forests and pines achieved
reliable results too, only very young trees were mixed up on rare occasions. These results suggest that
coniferous wilding pines and native tree species can be well separated with Sentinel-2 data.

The large area of native forests (fuscospora cliffortiodes) in the north-west of the imagery was successfully
classified as native forests in the 4-classes classification approach, and in the case of the 2- and 3-classes
classification correctly classified as ‘other’ landcover. However, some areas of native forests were confused
with an early stage of “unhealthy pines’ when there was a mix of green healthy pines with some interspersed
red ‘unhealthy pines’. This is potentially because dead trees were present in native forests as well.

The lower accuracy of 76% in the 3-class classification approach was the result of the difficult classification
of ‘unhealthy pines’. This class is more problematic than the other classes due to the variability and
transition phases of ‘unhealthy pines’, which also makes it even hard for an independent assessor to classify
these areas, i.e., check the classification for a 10 m x 10 m pixel. Different components like tree age, local
site conditions, shadowing effects, and crown health can affect stand and species spectral properties
(Grabska et al., 2021) and spectral variability can be large even within species (Leckie, 2005). Especially
the classification of unhealthy trees has been found to be more difficult caused by the variety of stress
symptoms possible (Leckie, 2005).
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Figure 9 shows the intermixed areas of ‘healthy pines’, unhealthy reddish and grey pines (which were still
counted as ‘unhealthy pines’) in very close proximity to gaps of grassland or bare soil. Furthermore, trees
in some of the controlled areas were poisoned several years ago which resulted in a sparse vegetation cover
dominated by other non-pine vegetation or open soil. These areas were occasionally still classified as
‘unhealthy pines’. Additionally, a few steep, rocky areas with shadows and pine cover combined resulted
in a misclassification as ‘unhealthy pines’. These errors resulted in an area overestimation of ‘unhealthy
pines’ and subsequently a greater area for this landcover class. However, the areas that were controlled only
recently (which appear red or brown with clearly recognisable pine shapes in a high-resolution RGB or
false colour image) were identified very well and no major area was missed. The definition of ‘unhealthy
pines’ class could have been restricted to only green-red, red, and brown pines as unhealthy and the grey
and presumably dead pines that were controlled a longer time ago could have been excluded from this class
which would have achieved much higher accuracy and less confusion with other dead vegetation.

Figure 9: High-resolution WorldView-3 RGB-
imagery: Different pine “health classes” (green
(healthy) — red-green (unhealthy)- red (unhealthy)—
brown (unhealthy) — grey (unhealthy)) in close
proximity to each other is challenging to classify in
a 10m x 10m Sentinel-2 image.

Variable importance

Key for the overall very successful classification of
healthy pines in Sentinel-2 imagery were the infra-
red (IR) bands. Especially the shortwave IR bands
i.e., B11 and B12, as well as the red-edge bands B5
and B6, were responsible for the high accuracy and
good classification result as indicated by the
consistently high ranking in the variable importance assessment. These four bands were also used to
calculate the most important vegetation indices NBR and RESRI in this study (see variable importance
assessment). These results are in accordance with previous studies, which have also highlighted the
importance of these bands (SWIR and red-edge) for species classification (Nelson, 2017; Immitzer et al.,
2019; Bolyn et al., 2018; Grabska et al., 2019; Puletti et al., 2018; Persson et al., 2018; Immitzer et al.,
2016). For broadleaf species classification, Immitzer et al. (2019) describe Sentinel-2 SWIR bands B12 and
B11 followed by the red-edge band 1 (B5) as most important and the NIR band as most useful to separate
between coniferous and broadleaf trees. Red-edge 2 (B6), SWIR 1 (B11) and SWIR 2 (B12) bands were
most important in Persson et al. (2018). The variable importance of their study also reflects the
multitemporal approach with scenes analysed over different seasons with the most important variables
(SWIR and red-edge) coming from different months (May, October, April).

Differentiation of species and acquisition date

The Sentinel-2 scene was acquired at the end of December which is comparable to an acquisition at the end
of June in the northern hemisphere. In the northern hemisphere, single scenes captured in May have been
found to be more suitable compared to those from late summer and autumn (Immitzer et al., 2019; Persson
et al., 2018; Lim et al., 2020). For the southern hemisphere, this would mean November as the optimal
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acquisition month which covers the time of spring capturing most phenological differences between the
species. However, the alpine environment in this study area results in a later growth flush for both pines
and native species. The focus of this study was constrained to separating pines from native forest rather
than fine-grained species classification and the methods demonstrated here achieved high accuracy for this
purpose.

Capturing changes in tree phenology (i.e., flowering, leaf-onset, and senescence) by satellite scenes is
another very successful method. Several studies analysed a multitemporal approach, where the same area
is captured over one or more years in different phenological stages which provides differing spectral
reflectance. Results showed that accuracy could be increased by analysing satellite images in different
seasons (Bolyn et al., 2018; Grabska et al., 2019; Puletti et al., 2018; Persson et al., 2018; Nelson, 2017;
Wessel et al., 2018; Hoscito & Lewandowska, 2019; Pasquarella et al., 2018; Elatawneh et al., 2013; Hill
etal., 2010; Immitzer et al., 2019). However, the seasonal effect might be weaker in this case as native trees
in this area are evergreen.

The difference in pixel resolution between Sentinel-2 and Worldview-3 also means a difference in purity
of the pixels when the same training areas are used. While the Sentinel-2 training areas consist of ‘pure
wilding’ pixels of 10 m by 10 m, the resulting training areas in a high-resolution WorldView-3 image
(1.24 m by 1.24 m resolution) also consist of mixed pixels as also spaces between single wilding pines are
included in the training areas. This occurrence of isolated pixels with high local spatial heterogeneity
between neighbouring pixels or noise in the classification of high-resolution satellite images is also
described as the ‘salt-and-pepper effect’ (Blaschke et al., 2000; Carleer et al., 2005; Hirayama et al., 2018).
Hirayama et al. (2018) used a Multiple Classifier System (MCS) approach with six individual machine
learning classifiers to reduce the number of isolated pixels by 30 % for all landcover classes and 50 % for
the forest class. Alternatively, a pure pixel approach with high-resolution imagery and the delineation of
very small high-resolution training areas could have enhanced accuracy in the high-resolution
classification. However, wilding pines are very small, individual trees and this would have produced
polygons with a small number of total pixels.

Sentinel-2 predicted classification for imagery from 2022

The classifier from the 2015 Sentinel-2 imagery was tested on a 2022 Sentinel-2 scene in the same area.
Numerous control operations from boom spraying to manual tree cutting have been conducted over the
years which has resulted in the near eradication of wilding pines in this area. In fact, Flock Hill is among
the most controlled areas in New Zealand. While in the high-resolution GeoEye-1 imagery no larger group
of wildings could be detected by the observers in an RGB and false colour image, the classification of the
2022 Sentinel-2 scene with the classifier from 2015 detected several areas of wilding pines. While the
separation of native forests (especially in the northwest of the image but also in the centre) worked well in
the 2015 scene, large parts of the native forest in the 2022 imagery were misclassified as wilding pines in
the 2022 image.

The ’unhealthy pines’ class achieved reasonably good results, but some of the already grey areas (after
several years of control operations) were not detected completely. In summary, applying the 2015 classifier
to the 2022 imagery resulted in a modest classification accuracy.

The lack of transferability can partly be attributed to the difference in landcover classes. The most
accurately classified class from the 2015 imagery (‘healthy pines’) did not exist in the 2022 scene due to
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the eradication of wilding pines. Conversely, the worst performing class of ‘unhealthy pines’ was still
present in bigger areas, and thus accuracy was comprehensibly low.

Future research should investigate applying the classifier developed from the 2015 imagery to other scenes
with existing wilding pines before these have been eradicated. Moreover, future studies could test a multi-
temporal approach as described before to improve accuracy in the predicted classification. This could
reduce the number of misclassified pixels of wilding pines in the native forest and vice versa. Strategies
combining training samples from multiple years and scenes covering a broad range of healthy and unhealthy
wilding conifers and other land cover types could also be useful to train a generalizable classifier for
Sentinel-2 scenes.

4.2. Assessment of the results of high-resolution WorldView-3 classification

Pixel-based classification results of the high-resolution imagery were substantially lower than for Sentinel-
2 with 68 % ground truth accuracy. While the classifiers worked well to separate forest (pines and native
forests) from other landcover classes, the distinction between pines and native forests was moderate.

The 2-class classification (Figure 4B) classified the central areas with healthy pines well, but also classified
big parts of the native forests and unhealthy trees in the northwest as wilding pines. This poor discrimination
between pines and native forests was consistent in all other classification approaches (3- and 4-class
classification) which results in a strong overestimation of the pine area. The single acquisition time of the
image in summer was probably not ideal for classification, as spectral differences of vegetation are weaker
in summer imagery compared to spring or autumn due to changes in phenology (Immitzer et al., 2019;
Persson et al., 2018).

The classifier recognised present ‘unhealthy pines’ well but was very sensitive to any dead vegetation like
native trees, shrubs or tussock grassland and therefore overestimated the problematic class of ‘unhealthy
pines’ in large parts. As with the Sentinel-2 imagery, shadows in steeper areas in combination with rocks
and pines were often misclassified as ‘unhealthy pines’. However, the high resolution of the imagery
provided very accurate results in terms of delineating vegetation from non-vegetation. Part of the challenge
with the ‘unhealthy pines’ class was also that there was no easily defined and clear boundary between dead,
nearly dead and starting-to-die trees.

In contrast to the pine area, the area of native forests was underestimated with the high-resolution classifier.
Several parts of the native forests were classified as ‘healthy pines’ and some dead and unhealthy trees of
the native forest as ‘unhealthy pines’.

Waser et al. (2014) obtained 83% accuracy classifying seven species in a high-resolution WorldView-2
image with an object-based approach. Immitzer et al. (2012) compared an object-based approach with a
pixel-based approach for the classification of four and ten tree species in Austria and found that the object-
based approach outperformed the pixel-based approach with the best classification accuracy of 95.9 % (four
species, 8 bands, object-based) and overall accuracy of 82 % (ten species) compared to a pixel-based
accuracy of 88 % (four species) and 73 % (ten species) respectively (Immitzer et al., 2012).

Object-based vs. pixel-based classification

The recognition of ‘unhealthy pines’ was one of the most difficult aspects in this classification both with
Sentinel-2 and WorldView-3 imagery for the 2015/2016 imagery (see low accuracies in confusion matrix
in Appendix). Especially the pines, which had been killed several years ago, were not detected well as the
spectral signature moved away from living vegetation to bare stems with little to no foliage. However, the
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shape and arrangement of surface spatial structures can also carry landcover information, which is part of
object-based classification techniques. The high-resolution imagery pixel-based classification produces
small units with a frequent intermixing of different land cover classes which results in less homogenous
land cover maps with frequent misclassifications. The spectral differences between conifers and native
broadleaved trees could not be distinguished well in the high-resolution imagery with the pixel-based
approach. Object-based approaches for the high-resolution dataset might have achieved higher accuracies.
Dalponte et al. (2013) classified Norway spruce, Scots pine and Silver birch in Norway with an object-
based approach. They concluded that finer spatial resolution significantly increased the classification
accuracy of tree species. Similarly, Immitzer et al. (2012) achieved higher accuracy with object-based
classification when they assessed the classification of ten tree species with a WorldView-2 image. However,
in this study, we worked with very small objects (individual, small trees) and this would have complicated
the step of developing candidate objects and producing objects with a small number of total pixels.

The resulting land cover areas in object-based classification are usually more contiguous and homogenous
since topology is considered in object-based classification as well. Therefore, more information can be
considered in the models of object-based classification and delineation of landcover classes can resemble
the perception of an observer more. On the other hand, more homogenous structures also mean a
generalisation at the same time and a single or a group of conifers can be harder to detect. Depending on
the purpose of the classification, both approaches could be used to either detect single trees or smaller
groups or to provide estimates of the extent of bigger infested areas. Hence, the opportunities for landcover
classification could potentially be improved when — in addition to pixel-based classification — object-based
methods were applied in the high-resolution imagery using both spectral and topological/spatial/geometric
features of image objects. For Sentinel-2 data, an object-based approach does not appear to be a promising
option because wilding pines tend to be too small for the spatial resolution of 10 m x 10 m and only
established and contiguous patches of wildings would be detected.

Classification assessment uncertainty

The spatial analyst toolbox in ArcGIS Pro provided a suitable tool for evaluating users’ accuracy with
accuracy assessment points. It enhanced the evaluation of the classification results as an additional step to
the model validation of the RF model. However, a level of uncertainty remains in the accuracy assessment
as it is also a somewhat subjective assessment. In a few cases, it was a challenge for the person performing
the accuracy assessment of classified control points to decide what class the points belonged to, especially
when points were at the border between two classes or shadows concealed the object of interest. This was
especially the case for the ‘unhealthy pine’ class which was hard to discriminate as the transition from
pines, unhealthy pines and tussock or shrubland is in many cases ambiguous. Small (unhealthy) wilding
pines versus shrubs or other remnants of native vegetation combined with a mixture of bare soil/slips
between wilding pines, or some healthy pines between unhealthy pines made a classification relatively hard
in some areas. Steep terrain and resulting shadows can also make classification impossible in some cases.

4.3. Sentinel-2 vs. high-resolution imagery
One of the advantages of using Sentinel-2 data is that the data are available freely, frequently (3-5 days),
and at a medium-high resolution (only 10-20 m bands were used in this study). Especially in mountainous

areas, where cloud cover can be challenging for analysis of satellite imagery, the short revisit time increases
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the likelihood to get cloud-free images. Furthermore, it offers the potential to use images covering all
phenological stages throughout the different seasons for more accurate classification.

The more recent imagery (since 2018) is downloadable in a pre-processed format as level 2A data directly
as a Bottom-Of-Atmosphere (BOA) corrected reflectance product which makes working with this imagery
relatively straightforward (ESA, 2022a).

While individual tree crowns cannot be distinguished with the 10-20 m data, the broad spectral information
(with bands in the visible, red-edge, NIR and SWIR wavelengths) have a high potential for tree species
separation (Bolyn et al., 2018; Grabska et al., 2019; Grabska et al., 2020; Immitzer et al., 2019; Immitzer
et al., 2017; Persson et al., 2018; Puletti et al., 2018), which could also be confirmed in this study. Higher
accuracy in tree species classification of Sentinel-2 data compared to high-resolution WorldView-2 data
was also discovered by Immitzer et al. (2019), which they attributed to multi-temporal data and the
availability of spectral bands in the SWIR spectrum. The consistently high variable importance of red-edge
and SWIR bands of Sentinel-2 in this study is in opposition to the variable importance of bands in the
WorldView-3 image. WorldView-3 bands and vegetation indices were not as consistent in importance and
varied more widely from NDVI, GI, TGI, yellow, green or red-edge bands.

In contrast to Sentinel-2, high-resolution imagery is expensive, and handling and processing take more
time, but the higher spatial resolution allows for easier visual interpretation and may be better suited to
object-based analysis. Therefore, the potential benefits of high-resolution imagery in terms of accuracy
must be weighed against the cost and complexity disadvantages and these considerations become more
important the larger the area of interest is. Therefore, the higher costs of the high-resolution imagery should
be reflected in significant gains in the accuracy of the landcover classification. However, comparing the
classification results of Sentinel-2 and high-resolution imagery in this study it has become clear that
Sentinel-2 imagery offers a very suitable, accurate and cost-effective solution to detect wilding pines within
a single scene. To work effectively on a large scale across different scenes and acquisition dates future
research should focus on the transferability of the classifier to other scenes and points in time.

5. CONCLUSION

In our study, we have investigated the detection of advanced invasive conifer infestations with Sentinel-2
and high-resolution WorldView-3 satellite data using pixel-based classification approaches.

The detection of these exotic conifers with Sentinel-2 imagery worked very well when suitable training
areas were delineated in the same imagery. A model accuracy of 99 % and a ground truth accuracy of 96%
could be achieved in the classification of ‘healthy pines’. The high accuracy is attributed to the availability
of spectral bands in the SWIR and red-edge spectrum and consequently, vegetation indices derived from
these bands (RESRI and NBR) were most important. In contrast, pixel-based classification of high-
resolution WorldView-3 imagery was less accurate detecting healthy exotic conifers.

The detection of unhealthy, treated conifers was problematic due to the different transition stages of
unhealthy-dead trees. They could be detected best during the red-needle stage which occurs shortly after
control operations and before needle-fall (grey phase).

The lack of transferability of the classifier from 2015 to a 2022 Sentinel-2 scene was attributed to the
complete lack of the most accurately classified class from the 2015 imagery (‘healthy pines’). Conversely,
the worst performing class of ‘unhealthy pines’ was present in large areas, and thus accuracy was lower.
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Future research should investigate the detection of invasive conifers with a multi-temporal approach to
Sentinel-2 imagery. Capturing changes in tree phenology (e.g., leaf flush, leaf colouration, leaf shedding,
but particularly changes of colours after control operations) and resulting species-specific changes of the
spectral signatures could improve accuracy and reduce misclassification with native trees but also of
‘unhealthy pines’. This could also help to distinguish tree species that otherwise show similar spectral
signatures. It might also improve predicted classifications in spatially different areas or later acquisition
dates. In addition, applying the classifier developed from the 2015 imagery to other scenes with existing
invasive exotic conifers should be explored.
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APPENDIX

Confusion matrices model accuracy — Sentinel-2

Table 7: Confusion matrix model accuracy assessment for 2-class classification of Sentinel-2 imagery

ClassValue Other Hgﬁ:gzy Total U Accuracy| Kappa
Other 1871 9 1880 100% 0
Healthy pines 0 123 123 100% 0
Total 1871 132 0 0
P_Accuracy 100% 93% 0 99% 0
Kappa 0 0 0 0 96%

Table 8: Confusion matrix model accuracy assessment for 3-class classification of Sentinel-2 imagery

ClassValue Other He_althy Unh_ealthy Total U_Accuracy Kappa
pines pines
Other 1857 10 0 1867 99% 0
Healthy pines 0 122 0 122 100% 0
Unhealthy pines 14 0 72 86 84% 0
Total 1871 132 72 0 0
P_Accuracy 93% 92% 100% 0 99% 0
Kappa 0 0 0 0 0 94%

Table 9: Confusion matrix model accuracy assessment for 4-class classification of Sentinel-2 imagery

ClassValue Other Heglthy Unh.ealthy e Total U_Accuracy| Kappa
pines pines forest
Other 2662 4 1 4 2671 100% 0
Healthy pines 0 205 0 0 205 100% 0
Unhealthy 25 0 77 0 102 75% 0
pines
Native forest 129 9 0 1245 1383 90% 0
Total 2816 218 78 1249 0 0
P_Accuracy 95% 94% 99% 100% 0 96% 0
Kappa 0 0 0 0 0 0 92%
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Confusion matrices model accuracy — WorldView-3

Table 10: Confusion matrix model accuracy assessment for 2-class classification of WorldView-3 imagery

ClassValue Other Hgﬁ:gzy Total U Accuracy| Kappa
Other 1857 210 2067 90% 0
Healthy pines 383 910 1293 70% 0
Total 2240 1120 0 0
P_Accuracy 83% 81% 0 82% 0
Kappa 0 0 0 0 62%

Table 11: Confusion matrix model accuracy assessment for 3-class classification of WorldView-3 imagery

ClassValue Other Hsia:: zzy Un&?ﬂ:hy Total U_Accuracy Kappa
Other 3787 416 277 4480 85% 0
Healthy pines 986 1864 0 2850 65% 0
Unhealthy pines 106 16 1445 1567 92% 0
Total 4879 2296 1722 0 0
P_Accuracy 78% 81% 84% 0 80% 0
Kappa 0 0 0 0 0 67%

Table 12: Confusion matrix model accuracy assessment for 4-class classification of WorldView-3 imagery

ClassValue Other He_althy Unh_ealthy NEDE Total U_Accuracy| Kappa
pines pines forest
Other 4772 111 352 307 5542 86% 0
Healthy pines 474 3211 5 664 4354 74% 0
Unhealthy 95 20 2089 26 2230 94% 0
pines
Native forest 275 402 1 875 1553 56% 0
Total 5616 3744 2447 1872 0 0
P_Accuracy 85% 86% 85% 47% 0 80% 0
Kappa 0 0 0 0 0 0 2%
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Ground truthing — Sentinel-2

Table 13: Confusion matrix accuracy assessment for 2-class classification of Sentinel-2 imagery

ClassValue Other | Healthy pines Total U_Accuracy Kappa
Other 74 4 78 95% 0
Healthy pines 2 61 63 97% 0
Total 76 65 141 0 0
P_Accuracy 97% 94% 0 96% 0
Kappa 0 0 0 0 91%

Table 14: Confusion matrix accuracy assessment for 3-class classification of Sentinel-2 imagery

ClassValue Other He_a Iy Unh_ealthy Total U_Accuracy | Kappa
pines pines
Other 48 2 0 50 96% 0
Healthy pines 2 35 2 39 90% 0
Unhealthy pines 28 0 23 51 45% 0
Total 78 37 25 140 0 0
P_Accuracy 62% 95% 92% 0 76% 0
Kappa 0 0 0 0 0 63%

Table 15: Confusion matrix accuracy assessment for 4-class classification of Sentinel-2 imagery

ClassValue Other He_althy Unh_ealthy NEUE Total |U_Accuracy | Kappa
pines pines forest
Other 35 0 1 1 37 95% 0
Healthy pines 0 28 2 4 34 82% 0
Unhealthy pines 7 1 24 0 32 75% 0
Native forest 2 5 2 25 34 74% 0
Total 44 34 29 30 137 0 0
P_Accuracy 80% 82% 83% 83% 0 82% 0
Kappa 0 0 0 0 0 0 76%
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Ground truthing — WorldView-3

Table 16: Confusion matrix accuracy assessment for 2-class classification of WorldView-3 imagery

ClassValue Other H;ia::;zy Total |U_Accuracy | Kappa
Other 82 2 84 98% 0
Healthy pines 50 26 76 34% 0
Total 132 28 160 0 0
P_Accuracy 62% 93% 0 68% 0
Kappa 0 0 0 0 33%

Table 17: Confusion matrix accuracy assessment for 3-class classification of WorldView-3 imagery

ClassValue Other He_althy Unh_ealthy Total |U_Accuracy | Kappa
pines pines
Other 46 0 0 46 100% 0
Healthy pines 34 15 0 49 31% 0
Unhealthy pines 16 2 27 45 60% 0
Total 96 17 27 140 0 0
P_Accuracy 48% 88% 100% 0 63% 0
Kappa 0 0 0 0 0 45%

Table 18: Confusion matrix accuracy assessment for 4-class classification of WorldView-3 imagery

ClassValue Other Heglthy Unhgalthy e Total |U_Accuracy| Kappa
pines pines forest
Other 37 1 1 3 42 88% 0
Healthy pines 0 11 2 29 42 26% 0
Unhealthy 3 0 20 2 25 80% 0
pines
Native forest 1 1 0 39 41 95% 0
Total 41 13 23 73 150 0 0
P_Accuracy 90% 85% 87% 53% 0 71% 0
Kappa 0 0 0 0 0 0 61%
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B) Report

This short technical report describes the methodological steps used in my research in more detail compared
to the manuscript. It describes software and functionalities used, pre-processing of Sentinel 1C-data,
characterises the machine learning algorithm random forests (RF) among other options and describes the
accuracy assessment used for ground truthing.

6.1. Software

This chapter gives an overview of the software | used for this study. Other than the standard Microsoft
Office applications | mainly used R and ArcGIS Pro to complete my thesis. For reference purposes | also
used SNAP e.g., to compare vegetation indices calculated in R.

6.1.1.R

R is an open-source programming language that is frequently used especially for statistical modelling and
analysis. It can handle large datasets and organise them in a structured form. There are many packages for
different purposes available and it provides various facilities for carrying out Machine Learning (ML)
operations like classification. R is constantly evolving, and large user groups and forums provide good
support. Alongside python, this is the most frequently used programming language for geospatial analysis.
Sentinel-2 products are downloadable in 100x100 km tiles, thus these large files need to be formatted
accordingly.

I have performed all calculations with the satellite data in R version 4.2.0 (R Core Team, 2022). Several
packages were used including the ‘raster’ (Hijmans, 2022), ‘RSToolbox (Leutner et al., 2019)’, ‘rgdal’
(Bivand et al., 2015), ‘sf” (Pebesma, 2018), ‘random forest’ (Liaw & Wiener, 2002), and ‘caret’ (Kuhn et
al., 2020) packages and some visualisations using ‘ggplot2’ (Wickham, 2016).

The functions | used most were from the raster package. These include the following functions:

compareRaster
crop

extent

hist

names
predict
raster
resample
RGB
shapefile
stack
writeRaster

One of the most important functions for the classification was the superClass function from RStoolbox, that
was used for the classification of the landcover types. | tested various settings for cross-validation (k-fold)
and a number of tuning parameter combinations (tuneLength). In the manuscript, | only present the settings
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which achieved the highest accuracy of the models, (which were a 5-fold cross-validation and a tune length
of three). Several other settings have been tested from 1-15. Other packages and functions relevant to the
calculations were for example:

e randomForest::random Forest
¢ randomForest::predict.randomForest

o sfiist read

o ggplot2:: aes

e rgdal::readOGR

e caret::varlmp
6.1.2. ArcGIS

ArcGIS Pro was used for many aspects of my thesis. In general, ArcGIS offers great capabilities for
location-based analytics and visualisation and analysis of spatial data. The ArcGIS online version has also
been used to create a story map around invasive exotic conifers in New Zealand which is a great tool to
promote and visualize a spatially related story or topic.

Most figures and maps of the manuscript were created in ArcGIS. Several of the results calculated in R
were checked and visualised in ArcGIS such as the calculated vegetation indices or different bands and
bands combinations of the satellite imagery like RGB, false colour etc. Mostly standard geoprocessing and
data management tools were used, but | also made use of the Spatial Analyst toolbox e.qg., for computation
of a confusion matrix and accuracy assessment points. The list of vegetation indices in this study was
originally higher than the presented nine indices. Due to some complications and redundancies, which were
evaluated in ArcGIS, | dropped a few of these indices.

Furthermore, the site parameters related to growing conditions, including climate (i.e., precipitation,
temperature), altitude, slope, or soil type (see manuscript table 1) were retrieved from modelled surface
layers from Land Information New Zealand (LINZ) data service.

A very important part of this work was the creation of the training areas for all the different classification
approaches and different satellite imagery in ArcGIS. First, the area of interest was defined in which the
training areas were located. The training areas were delineated with both Sentinel-2 and high-resolution
data but had to be adjusted for the high-resolution due to the distortion in the overlap of the image. The
outline of the training areas was always focused to capture the typical spectral signatures (pure pixels) and
leave space between the training areas and the borders of the next class. Especially for the Sentinel-2 data,
the purity of the pixels was therefore extremely high. Due to the different pixel sizes of Sentinel-2 and
WorldView-3, the resulting training areas in a high-resolution Worldview-3 image (1.24 m by 1.24 m
resolution) also consist of mixed pixels as also spaces between single wilding pines are included when
using basically the same training areas. Using a pure pixel approach for the high-resolution imagery would
have complicated this work by producing polygons with a small nhumber of total pixels, as wilding pines
are very small, individual trees.

Local knowledge and information about control activities in the area assisted with the delineation. Wilding
pine control activities have been conducted over years in the AOI. Most of these measures have been
recorded and were made available as a GIS layer for this work to compare what has been treated, when and
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how. ArcGIS Pro was also used for ground truthing of the classification, which is described in more detail
in section 6.4. below.

6.2. Sentinel-2 data pre-processing

The Sentinel-2 satellite data used in this study were downloaded from the Copernicus Open Access Hub
(https://scihub.copernicus.eu/). Since the older Satellite imagery for 2015 was only available as a Level-1C
product (Top-Of-Atmosphere product) | used the Sen2Cor package to process it to a Level-2A product for
further work. Sen2Cor is a processor for Sentinel-2 products and formatting.

Different versions of Sen2cor exist, but | used version 2.5.5 of Sen2Cor, as this is recommended for older
Sentinel-2 Level-1C data products. Using the newer versions Sen2Cor_v2.10 or Sen2Cor_v2.9, which are
available at the European Space Agency (ESA) (http://step.esa.int/main/snap-supported-plugins/sen2cor/)
website resulted in errors. The pre-processing included atmospheric, terrain and cirrus correction to achieve
the result of an orthoimage Bottom-Of-Atmosphere (BOA) corrected reflectance product (ESA, 2022a). It
also performs Aerosol Optical Thickness-, Water Vapor-, Scene Classification Maps and Quality Indicators
for cloud and snow probabilities (ESA, 2022a). However, cloud and snow cover was unproblematic due to
the use of summer scenes with clear sky conditions.

6.3. Classification

Artificial intelligence (Al) helps to solve complex problems with the help of machines, which have become
increasingly capable in various fields. Machine Learning (ML) is one part of artificial intelligence, in fact,
the dominant technique disclosed in patents (WIPO, 2019), and describes computer algorithms which
improve automatically through experience (Russell & Norvig, 2003). A supervised learning approach
generally requires a priori knowledge of at least some of the data to help the system determine the statistical
criteria for classification. Random Forest (RF) as an ML and supervised learning approach is frequently
used in similar research questions around classification (references see manuscript). Other ML approaches
that have been used to solve similar problems are the simple and widely used Decision Trees (Gordon et
al. 1984), the Support-Vector-Machine (SVM) (Cortes and Vapnik, 1995) or K-Nearest Neighbour (k-NN)
(Fix and Hodges, 1951) which was most widely used until the mid-1990s (Russell & Norvig, 2003).

The rationale behind using RF was that it has (A) been successfully used in several other studies, (B) is
robust to overfitting and (C) is also robust and effective with unbalanced data (Breiman, 2001; Pal, 2005;
Hastie et al., 2009). RF is especially robust to overfitting compared to single decision trees as it basically
combines a long list of single decision trees and uses a random subset of variables at each decision node.
This is in contrast to a standard decision tree where the nodes of the decision tree are based on the highest
decrease in Gini (i.e., the best split). Persson (2018), as well as Belgiu & Dragut (2016), for example,
produced consistently good results compared to other classification algorithms.

The RF model also identifies the relative importance of features during classification which was important
comparing several different bands of Sentinel-2 but especially to the spectral bands of WorldView-3 which
turned out to be very important. Using this method it was straightforward to find out which of the satellite
spectral band values and calculated vegetation indices, were most important as spectral bands and
vegetation indices pixels within the training areas were used as predictors in the RF model. The RF
algorithm creates an internal unbiased estimate of the generalisation error through the use of bagging
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(bootstrap aggregation) utilising “out-of-bag” (OOB) samples to produce a diversity of trees (Immitzer et
al., 2017). These OBB samples are not part of the training subset (Immitzer et al., 2017). Very detailed
explanations about the RF classifier can be found for example in Immitzer et al. (2012) or Immitzer et al.
(2017).

However, especially the SVM could have been a suitable alternative to RF and also showed good results in
species mapping using Sentinel-2 data (Zagajewski et al., 2021; Grabska et al., 2020).

6.4. Accuracy Assessment

One major goal of this thesis was the comparison of Sentinel-2 and WorldView-3 classifications. Therefore,
in addition to the model accuracies and a visual assessment of the classified maps, the ground truthing
accuracy is important for quantifying performance independently. Ground truthing means the confirmation
or acquisition of knowledge about the study area. This can be attained for instance through fieldwork,
analysis of aerial imagery, or personal experience. Information from ground truth is considered to be the
most accurate (true) information available about the area of interest (Hexagon, 2012).

The validation of the classification (ground truthing) was performed using accuracy assessment points and
confusion matrices. High-resolution imagery as well as local knowledge were used as a reference. Between
130-150, accuracy assessment points outside the training and validation polygons were randomly created
in ArcGIS Pro using the create accuracy assessment points geoprocessing tool of the Spatial Analyst
Toolbox. The “equalised stratified random” method was selected for the creation of the points.
Subsequently, each randomly created accuracy assessment point was assessed for each classification
approach (2-4 classes) and satellite data (Sentinel-2 and WorldView-3); “Ground truthing”, i.e.,
determining the correct class for each point, was done using the high-resolution WorldView-3 and GeoEye-
1 imagery as a reference and local knowledge of the vegetation. Confusion matrices were computed with
the ‘compute confusion matrix’ tool in the spatial analyst toolbox under ‘Segmentation and Classification’.
The result of the six different ground truthing assessments can be found in the Appendix of the manuscript
(Tables 13-18).

6.5. Author Contributions

The manuscript includes four authors, me as the main author and three other authors. The role(s) of all
authors is described as follows:

Sebastian Klinger processed and analysed the data, developed the methodology, interpreted the results and
wrote the manuscript article and thesis. Ben Steer ordered and pre-processed the high-resolution imagery
reference data and wrote parts of the corresponding section 2.2.2.

Dr Grant Pearse and Dr Thomas Paul were the supervisors of this work at Scion, applied for the funding
and contributed to developing the methodology and interpreting the results. Both have reviewed and
commented on the manuscript article.
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