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Abstract

Loss of biodiversity is an immediate threat to the planet and if no actions are taken it is expected to
accelerate. The highest species richness on smaller scale is found in semi-natural temperate
grasslands, with one of the documented records from Stora Alvaret on Oland, Sweden. The area is
protected under the Natura 2000-network and Lanstyrelsen Kalmar are responsible for monitoring
while local farmers execute most of the management with support. One of the main threats to the
biodiversity on Stora Alvaret is encroachment by shrubs when the grazing pressure is decreased.

The study investigates the possibility to use classification of high resolution orthophotos as an aid in
monitoring if and where shrub encroachment is happening. The studies main aim is to develop a
method to successfully classify the species of interest Juniperus communis and Dasiphora fruticose
with the software ArcGlIS pro.

The result shows that it is possible to successfully classify the species of interest if following the
proposed method. The method consists of a first classification on 5 m resolution with removed
agricultural fields, to extract the forest class which then is removed from the 1 m resolution. The 1 m
resolution without forest is then used as a base for the final classification.

The final result had a kappa value of 0,92 which translates to an almost perfect classification. As the
study is mainly focused on the shrub species it is important to also note the producer’s and user’s
accuracy for their classes. Juniperus communis had a producer’s accuracy of 0,86 and user’s accuracy
of 0,38 while the corresponding values for Dasiphora fruticose were 0,92 and 0,86. The weakness in
the classification thus lies with other classes being included in the juniper pixels. The removal of
forest also introduces uncertainty and the producer’s and user’s accuracy of that class should be
considered when interpreting and using the results.

Further research should focus on improving the user’s accuracy for juniper and investigating the use
of change detection between classified results from different years.

Keywords: Physical Geography, Orthophoto, Stora Alvaret, Shrub, Monitoring
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Abbreviations & definitions
EMR — Electromagnetic radiation

GIS — Geographic Information System

LiDAR — Light detection and Ranging (Remote sensing technique)
ML — Maximum likelihood (Algorithm)

nDSM — normalised Digital Surface Model

RGB — Red Green Blue

RF — Random Forest (Algorithm)

Geoprocessing tool — function within a GIS software that preforms an operation on a dataset. In the
report referenced as tool.
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1 Introduction

Biosphere integrity, or the loss of biodiversity and extinctions, is one of the nine planetary
boundaries defined by Rockstréom et al. (2009) and one of the two boundaries that are already
assessed as beyond zone of uncertainty or high risk (Stockholm Resilience Center, n.d.).

The Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem Services (IPBES)
estimate that around 25 % of all species in assessed groups are threatened and without actions to
reduce the drivers of biodiversity loss, it will likely further accelerate. Noticeably, the rate of
extinction is already between ten to a hundred times the average during the last 10 million years. But
the report also notes that the local scale of biodiversity is disappearing, with the loss of endemic
species and local ecosystems, biological communities look more and more the same (IPBES, 2019).

Action to halt these processes exist on different levels. On EU level there is the EU Biodiversity
Strategy, the current effective until 2030, which is implemented on a national level in Sweden
(Naturvardsverket, n.d.). A central part of the work is derived from the habitats directive together
with the Natura 2000 network (Naturvardsverket, n.d.). The network consists of protected areas,
currently covering 18 % of EUs land cover, aiming at protecting the species and habitats listed in the
directives (Directorate-General for Environment, n.d.).

A study that looked at the highest species richness in the world found that semi-natural temperate
grasslands had the highest values in the smaller scale of areas less than 100 m? and one of the
records were found on limestone grassland in Sweden with 12 species on an area of 10 cm? (Wilson,
Peet, Dengler, & Partel, 2012). The study was performed in Stora Alvaret (van der Maarel; Sykes,
1993), one of the Natura 2000 areas in Sweden. It is an area of around 26 000 ha of limestone
grassland, alvar, habitats situated on a plateau on the southern part of the island of Oland. It is the
world’s largest continuous alvar constituting 27 % of the total alvar lands in the world (Ekstam &
Forshed, 2002 see Rosén & Bakker, 2005).

Alvar ecosystems are known to have a high plant species richness that often include both endemic
and rare species (Rosén & van der Maarel, 2000). In 2016, around 580 species found on Stora Alvaret
were on the Swedish national red list for threated species which constitutes 14 % of the total amount
on the list (Tholin, 2016; SLU Artdatabanken, 2015). The area is home to species that normally are
found in such different habitats as mountain regions, the steppe or taiga and since the end of the
latest ice age several new and sub-species have developed there (Tholin, 2016).

Most of the area has been kept open for thousands of years due to the special climate and soil
conditions in combination with human influence of wood cutting and grazing (Rosén & van der
Maarel, 2000). However, during the 20" century the land use on Stora Alvaret changed, mainly due
to changes in agricultural practices, and most parts were left abandoned which lead to shrub
encroachment by Juniperus communis (juniper) and Dasiphora fruticose (shrubby cinquefoil) (Maad
& Rosén, 2010). Shrub encroachment cannot universally be seen as a degradation of ecosystems as it
can have positive, negative and neutral effects but studies in the area showed a monotonic decrease
of alvar species with Juniper cover (Eldridge et al., 2011; Rejmanek & Rosén, 1992). After shrubs have
established it is possible for trees to establish in the area as well. The beginning of the encroachment
process is slow, but after the first trees the speed accelerates, and open limestone grasslands can
become completely overgrown within 100 years (Forslund & Lager, 2000).

Within the Natura 2000 area, 32 different species and habitat types are specified to be protected and
the responsibility to create and maintain a plan for conservation falls upon the county administrative
board (Lansstyrelsen). In the conservation plan from 2016 it is stated that the protection of the area



relies on management of the grasslands. The prioritized measure is to maintain a yearly grazing as
well as clearing up overgrown areas in order to conserve and recreate a landscape which is
dominated of open fields free from trees and bushes (Tholin, 2016).

Most of the land is managed by farmers and is funded through EUs agricultural aid. If additional
clearing is needed, the county administrative board funds and executes it. To conserve the area
poses many challenges where one is to balance the grazing at sufficient level to prevent shrub
encroachment while not putting a too high strain on the flora and insect populations. Other factors
such as the latest years of summer droughts in the area, which affects the agriculture as well as plant
communities, has added to the complexity (M. Tholin, personal communication, 16 February, 2022).

To monitor the spread of tree and shrub populations, the county administrative board compare
orthophotos, orthogonal projected aerial photos, over time, from the 1960s up to today. Field visits
are then made to places of interest to make detailed management decisions. Inventories are made
for typical species in all Natura 2000 areas, as well as more directed efforts for endangered species
(M. Tholin, personal communication, 16 February, 2022).

Several studies show that classifying vegetation by machine learning algorithms on orthophotos is
possible, and that the outcome can have a substantial or higher accuracy according to the scale
defined by Sim & Wright (2005) (Ayhan & Kwan, 2020; Hellesen & Matikainen, 2013; Mora et al.,
2021). Additionally, Boswell et al. (2017) shows that digital classification can be just as accurate as
field observations.

With the objective of investigating possible ways of monitoring shrub encroachment over large areas
this study continues the research on digital classification of vegetation and land cover on
orthophotos.

1.1 Aim
The general aim of the thesis is to investigate the applicability of classification of high resolution
orthophotos as a method of mapping vegetation on alvar habitats on Oland, Sweden.

The study looks at the feasibility of identifying the shrub species Juniperus communis (juniper) and
Dasiphora fruticose (shrubby cinquefoil) from other vegetation and ground layers.

2 Background

2.1 Remote sensing and digital images for vegetation mapping

Remote sensing in environmental science commonly refers to recording of electromagnetic radiation
(EMR) that is emitted or reflected from objects on the Earth surface, via a sensor on a satellite or
other air born devises (Khorram, Koch, van der Wiele, & Nelson, 2012). All material and objects emit
and reflect EMR in specific patterns that are called spectral signatures or profiles (Khorram et al.,
2012). Digital images are a common way in which remotely sensed data is produced.

2.1.1 Resolution

Digital images can be described by its spatial, spectral, radiometric, and temporal resolution. Spatial
resolution refers to the detail level of the image, described in the ground area captured in each pixel.
Spectral resolution is the width of interval and/or the number of different bands the sensor has. The
radiometric resolution is a measure of the ability to detect difference in intensity of the EMR. And
lastly, the interval in which a sensor record data on the same location is the temporal resolution
(Khorram et al., 2012).



Spectral resolution can be divided into single-band, multispectral and hyperspectral images based on
the number of bands included (Khorram et al., 2012). The exact boundaries varies but some
definitions of multispectral are “3 to 10”, “less than 15” or simply just “multiple” bands.
Hyperspectral images can include up to 100s of bands where each band also typically has a more
narrow spectral interval (GISGeography, 2021; Khorram et al., 2012; STARS, n.d.).

The spatial resolution is measured as the length of the pixel side on the ground and it can vary
between a kilometre down to a few centimetres (SEOS, n.d.).The appropriate resolution for
classification differs between the target classes. If the pixels are smaller than the structure to be
classified, it will increase the variability (Curran & Atkinson, 2002). Woodcock & Strahler (1987) found
that for forest the best classification would be achieved above 60-80 m as a lower resolution
increases the local variance, or at a high resolution, below 3 m, which instead would classify
individual trees. For agriculture the opposite relationship could be expected, where the best
classification occurs on a higher resolution. On a smaller scale however, Ayhan & Kwan (2020) got
similar classifications accuracies for the same classes on both 1 and 10 m.

2.1.2 Image classification

One way of processing the information in digital images is classification, where the spectral value of a
pixel or an object (multiple pixels) is used to pair it to a class. Classifying images by land use and land

cover is one application in environmental remote sensing and is commonly used in research to study

change in vegetation (Khorram et al., 2012).

Digital classification can be divided into supervised and unsupervised methods, based on the way the
classes are created. In unsupervised classification the algorithm clusters homogeneous values into
classes. Supervised methods however require previous knowledge of the area to select categories
and samples of them (Chuvieco, 2016). In this study supervised classification was used. This because
the aim of the study is to sufficiently map two specific classes, which then can be defined in
supervised classification.

For supervised classification training samples are created that should represent each class identified
in the area. This can be done with the help of either field work, previous knowledge of the area or
external sources. These samples are used to train the algorithm to recognize the different classes to
be able to classify the training data (Chuvieco, 2016).

The classes in the classification scheme should be distinguishable from each other and therefore
chosen with respect to the spectral and spatial resolution of the image. They should also be relevant
to the end user (Khorram et al., 2012).

Choosing and creating the training samples should be done in a systematic way. Khorram et al.
(2012) lists four rules to follow. (1) The number of samples should be at least three times the number
of classes, (2) they should include the spectral distribution of each class, (3) each site should be as
homogenous as possible, e.g. only include pixels with similar spectral values, and (4) they should not
be clustered in a part of the area, and therefore either randomly distributed or systematically placed
over the whole area.

Supervised classification algorithms
There are several algorithms that can be used in supervised classification, of which some are:
Support Vector Machine (SVM), Maximum likelihood (ML) and Random forest (RF). Mountrakis, Im, &
Ogole (2011) found that SVMs have a great ability to generalize from a limited set of training data,
which is common in remote sensing analysis, compared to ML, in their review article including high
to medium spatial resolution from both satellite and airborne sensors. Random forest was in a study



by Pal (2005), that was performed on satellite images with 30 m resolution, found to have the same
level of classification accuracy and equal training time to SVMs and in the same time easier to define
as it requires fewer user-defined parameters. In a study about training set size effects on land cover
classification Ramezan et al. (2021) found that RF had the highest overall accuracy as well as the
smallest decrease of accuracy with the training set size in a study performed with 1 m spatial
resolution orthophotos. Ramezan et al. (2021) highlights that good practice should include testing
different machine-learning methods since the accuracy vary but if this is not feasible Random Forest
showed the best overall result. In a study comparing SVM and RF algorithms for land classification of
hyperspectral images with 20 m spatial resolution the result for the SVM showed a slightly higher
overall accuracy but instead had much longer computational time (Abe, Olugbara, & Marwala, 2014).
This result support the findings of Bosch, Zisserman, & Mufioz (2007) in a study about image
classification, that RFs have comparable performance to SVMs while reducing the computational
cost. For these reasons, Random Forest was selected for classification in this study.

2.1.3 Related studies

To get an understanding of the possibilities and constraints of shrub classification several studies are
presented in this section. All studies use supervised classification, however the spatial and spectral
resolution, type of algorithms used, number of classes, vegetation and geographical location differ.

In a study by Boswell et al (2017) on rangeland monitoring they found that vegetation cover
estimation produced from high resolution (0.25 m pixel resolution) Red-Green-Blue (RGB) images did
not differ from estimations based on field observations. Using maximum likelihood, it had an overall
accuracy of 91 % and a kappa value of 0.88, and the authors argue that spectral classifications
techniques can be used for vegetation classification with satisfactory results when the classes are
broad. In the study tree, shrub, herbaceous and surface was used as functional groups.

Hellesen & Matikainen (2013) highlights that classifying trees and shrubs in grassland is a challenging
task as the spectral reflection is similar between the classes. Although, using object-based
classification with a classification and regression trees algorithm on colour-infrared high resolution
(0.5 m) orthophotos, they got an overall accuracy of 82 % which increased to 97 % when including
LiDAR data in the form of normalised digital surface model (nDSM) as supplementary data. The study
used few and broad classes with one for shrubs and trees, one for buildings and one for ground,
covering both vegetated and bare areas.

A study by Ayhan & Kwan (2020) investigated classification of three, shrub and grass from RGB
images with the deep learning algorithm DeeplLabV3+. The study included two different sites, one
with 10 m resolution images and one with 1 m. For the 10 m resolution the average accuracy for the
three vegetation classes were only 59 % when classifying the whole area containing 8 classes
including other land cover classes such as wetlands and cultivated land. However, when isolating the
vegetation classes, the accuracy went up to 78 %. For the 1 m resolution classification, the difference
was smaller with an average accuracy for the vegetation of 75 % with all 6 classes included and 79 %
for the isolated case.

A study by Mora et al. (2021) conducted on Svalbard showed that high resolution aerial photos (0.1
m and 0.2 m) with visible spectre (RGB) and near infrared bands combined worked well for
identifying main vegetation groups, but would not be suitable to distinguish between separate
species. The classification was made on 9 classes with 4 vegetation classes based on their dominating
species. They tested four algorithms where maximum likelihood showed the best result. At 0.1 m
resolution the overall accuracy was 84 % and kappa value was 0.82 while a resolution of 0.2 m
slightly decreased the accuracy to 83.1 %. The main limitation in the classification was mixing



between a grass-dominated and a moss-dominated class, which lowered the overall accuracy.
However, it was not seen as problematic since these communities were similar.

Two studies looked at the influence of temporal resolution. Tree species classification with
hyperspectral data performed in a study by Persson, Lindberg, & Reese (2018) gave the highest
accuracy with multi-temporal data from all four seasons, but the highest accuracy for a single image
was produced by the one in late spring in the month of May. Similarly, investigating the variable
importance in multi-temporal hyperspectral data, Abdi (2020) found that among the top 20 bands
most were acquired during May and June and over half were from the near red or infrared part of
the spectrum.

2.2 Species of interest

2.2.1 Species of interest for classification

The two shrub-species of interest in this study is the common juniper and shrubby cingfoile, as these
two species are identified as the main cause of shrub encroachment on Stora Alvaret (Forslund &
Lager, 2000).

Juniperus communis
The common juniper, Juniperus communis, is a shrub in the cypress family that is spread all over
Sweden. It can grow between 0.5-15 m tall and is normally found on dry open grounds (Mossberg,
Stenberg, 2010).

Dasiphora fruticose
Shrubby cingfoile, Dasiphora fruticose, from the rose family, is in Sweden only found wild on the
islands of Oland and Gotland. It grows on moist, calcareous ground and becomes between 0.5-1 m
tall (Mossberg, Stenberg, 2010).

Figure 2-1 Pictures of the shrub species of interest. (a) Closeup of Dasiphora fruticose (b) Juniperus
communis (c) Landscape view of the two species. Images: Jorun Westman



2.2.2 Species of interest on Stora Alvaret

32 habitats and species are specified to be protected under the Natura 2000-network. Five are
plants, fifteen are birds, and there is one salamander, one snail and one butterfly specie respectively
while the last nine are habitats (Tholin, 2016). The protected plant species are presented below
together with their known geographical spread in Sweden.

e Sisymbrium supinum, a plant in the cabbage family. Mostly found on the islands of Oland and
Gotland (Artfakta, n.d.-d).
e Artemisia oelandica, a plant in the sunflower family, endemic to Oland (Artfakta, n.d.-b).

e Senecio jacobea ssp. gotlandicus, a plant in the sunflower family, found on Oland and
Gotland (Artfakta, n.d.-c).

e Encalypta mutica, a moss in the family Encalyptaceae scarcely found on lime-rich grounds,
but more common in the mountain regions (Artfakta, n.d.-g).

e Tortella rigens, a moss in the family Pottiaceae, mostly found on Oland and Gotland but also
occurring at other alvar habitats in Sweden (Artfakta, n.d.-f).

In the evaluation of the EU project for restoration of Stora Alvaret Artemisia oelandica was
monitored together with six other plant species, listed below (Forslund & Lager, 2000).

Globularia vulgaris, a plant in the plantain family, occurring on Oland and Gotland.
Anthericum ramosum, a plant in the asparagus family, found on Oland, Gotland and in
Scania.

Ranunculus illyricus, belonging to the buttercup family, only found on Oland.

Calluna vulgaris, in the heath family, on the mainland widespread in limestone-poor
areas, but individual plants found on Oland.

Orchis maculate, belonging to the orchid family, found in the South of Sweden (Artfakta,
n.d.-e).

Dactylorhiza latifolia, also in the orchid family, found on the Southern East coast of Sweden
(Artfakta, n.d.-a).



3 Materials and method

3.1 Study area

The study area is located on the island of Oland, which is situated on the southeast coast of Sweden,
in the Baltic Sea, see figure 3-1. Stora Alvaret stretches over 260 km? covering a large part of the
southern part of the island (Tholin, 2016).
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Figure 3-1 Overview of location of study area (a) Study area on Oland marked by black box (b) Location of the study area
within the black box marked with dashed line

Oland has a flat landscape with the highest point only 50 meters above sea level and since the widest
part of the island is no more than 20 km the climate does not vary substantially over the area (SMHI,
2021). The surrounding sea functions as a heat and cool reserve that equalizes the land temperature
over the year, which results in a smaller difference in maximum and minimum temperature than the
rest of Sweden ((M. Forslund, 2001). The mean temperature is -1° to -2° C in February, the coldest
month, and lays between 16° to 17° C in July which is the warmest during the year (SMHI, 2021).

It is the driest region of Sweden with a mean annual precipitation of 500 mm (SMHI, 2021) but it also
has one of the highest difference in annual precipitation, varying between dry and wet years (M.
Forslund, 2001). With a high amount of sun hours, the evaporation rate is high which during dry
years can give a desert-like climate. However, with thin or no soil layers large parts also easily get
flooded and these variations in climate put a high strain on the vegetation (M. Forslund, 2001).

Stora Alvaret contains different habitat types mixed in a mosaiced structure where the ground layer
is one of the influential factors. 2 % of the area consists of rocky ground while around 58 % is covered
with a thin soil layer of weathered limestone. Another 20 % has a thicker, but dry, soil layer where
grasses, trees and juniper can grow while the remaining 20 % consist of depressions with finer
sediments, keeping the area moist and habituating grass and birch groves (M. Forslund, 2001).



Apart from abiotic factors, the human impact from cattle grazing and wood cutting has had a
significant part of the ecosystem development and the resulting high biodiversity. With a decreased
grazing pressure especially two species can spread and outcompete others: shrubby cingfoile on the
moist grasslands and juniper in the drier grasslands as well as in cracks on the rocky grounds (M.
Forslund, 2001).

Oland, and Stora Alvaret in particular, are known for its orchids which attracts tourists, but also the
grazing animals, during springtime. They grow on the alvar’s dry meadows, which is where a good
deal of the high biodiversity in the area stems from (Forslund & Lager, 2000).

As presented in the background (section 2.2.2) five plant species are protected on Stora Alvaret,
which are directly threatened by shrub encroachment. As described in the introduction, shrub
encroachment transforms habitats from alvar grounds possibly all the way to a forest which
threatens some of the protected habitats. Animal species are then indirectly threatened via the
transformation of habitat and loss of shelter or food. Apart from shrub encroachment, the flora and
fauna on Stora Alvaret can also be threatened by too high grazing pressure, misdirected clearing and
high predation (Tholin, 2016).

3.2 Data

3.2.1 Orthophotos

Orthogonal projected aerial photos, orthophotos, over Sweden are produced by Lantmateriet, the
Swedish mapping, cadastral and land registration authority and can be retrieved via the Geodata
Extraction tool (GET), for use in research, provided by The Swedish University of Agricultural Sciences
(Svenska lantbruksuniversitetet, n.d.).

Over the area of investigation, the island of Oland, the photos are produced every second year with
the resolution, band composites and file coverage presented in Table 3-1 (Lantmateriet, 2019). Date
of acquisition and flight altitude is also included in table 3-1 which has been retrieved from the
metadata of the orthophotos.

Table 3-1: Technical details of orthophotos used in this study produced by Lantmditeriet. (Lantmateriet, 2019)

DATE AND TIME PIXEL PIXEL DEPTH BAND FILE FLIGHT
OF ACQUISITION RESOLUTION AND TYPE COMPOSITES COVERAGE ALTITUDE
2019-05-29 0.16 m/pixel 8 bit Monochrome, 2,5x2,5km 3000 m
8.30-15.45 unsigned RGB, IRF, RGBIR

integer

3.2.2 Ancillary data
To define the area and to simplify the classification two other data sources were used apart from the
orthophotos: a boundary shapefile and a cadastral map of agricultural land.

Study area boundary
A shapefile of Natura 2000 areas, retrieved from the European environment agency, was used to
determine the boundaries of the study area (EEA, 2021). The polygon of Stora Alvaret was saved as a
separate file.

Agricultural fields
Some agricultural fields are situated within the Natura 2000 area and these were identified through
data from the Swedish Board of Agriculture. All agricultural land is divided into blocks which are the
basis of financial support to the farmers (Jordbruksverket, 2021a). The information is available in the
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form of a map layer with shapefiles and can be downloaded from the agency’s website
(Jordbruksverket, 2021c).

The land cover type is defined by ‘green codes’ (Swedish: grénkoder) connected to different land use
and crops. This data can be retrieved in the form of an excel sheet available at the Swedish Board of
Agricultures website (Jordbruksverket, 2021b).

Land cover types represented within the Natura 2000 area that were included in the analysis were
pasture, alvar pasture and pasture and hay meadow under construction while the rest were
excluded. The codes with corresponding classes in Swedish and the English translation are presented
in table 3-2.

Table 3-2 The land cover types used in the study within the green code system. (Jordbruksverket, 2021b).

CODE SWEDISH DEFINITION ENGLISH TRANSLATION

52 Betesmark (ej aker) Pasture (not fields)

56 Alvarbete Alvar pasture

95 Betesmark och slatteréng Pasture and hay meadow
under restaurering under restoration

The three aforementioned classes were excluded from the shapefile in order to clip out the
remaining classes from the orthophoto, explained in section 3.3.1 Extracting orthophotos. It was
done by selecting and saving the wanted classes as a new file.

3.2.3 Field data collection

In order to collect training and validation samples for the digital classification of the alvar, a field
study was performed. The goal was to record the coordinates of shrubs of interest and other map
classes. The area was visited on two subsequent days during early autumn 2021, 1/10 and 2/10.

The field observations took place on three different sites spread across the area of Stora Alvaret. The
sites were chosen with three criteria: (1) to represent the diversity of vegetation and land cover
present over Stora Alvaret, (2) to be situated in different geographical parts and (3) to be located
next to a road for easy access.

The main areas are three 2.5x2.5 km squares corresponding to the extent of the retrieved
orthophotos and are shown in figure 3-2. The indices for the three sites with the index by
Lantmateriet are 624_59_5000, 626_50_5000 and 626_59_5025 from south to north.

The samples were collected to represent the variety of ground structures and vegetation at the site.
A few samples of each structure or specie found were marked at each site. They were then used as
the base to create training and validation samples, explained further in section 3.3.1 Preparation of
training and validation data. The amount and size of training and validation samples differed for the
different spatial resolutions and are presented at each sub section in chapter 4.2.
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Figure 3-2 Location of field study areas on Stora Alvaret.

The identification of species was done with the aid of a flora (Mossberg, Stenberg, 2010) and the
mobile app PlantNet (PlantNet, 2021) which identifies species based on pictures uploaded by the
user.

With the help of GPS waypoint finder (keuwlsoft, 2021), a mobile app to locate GPS points, and the
coordinates on orthophotos of the study site, structures on the orthophotos were compared to the
vegetation or land cover type on site. The identified types were then noted on the printed
orthophotos with the associated area covered.

3.3 Methodology

The thesis has an iterative approach to the classification process, visualised in figure 3-3, with
consecutive tests done over different number of tiles, different spatial resolution and with extraction
of specific land covers.

v v

Number of files,
Traning samples Prepared area  [#--------- resolution, exiracted
| | areas

v

‘ Classified raster HVaIidationsamples

| |
v

IAccuracy assesment

Figure 3-3 Illustration of the iterative approach to classification used in the study.
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A first classification test was made on the original resolution (0.16 m). The preliminary results
showed visually that small shrubs are identified, but mostly classified as forest. However, large
shrubs and forests were being classified as a mix of different classes, as at original resolution
different colours and shadows within the same shrubs are observed. The hypothesis was that a lower
resolution might blend shadows and colours into a homogeneous hue and a shrub/forest patch could
be classified as a single feature.

Consecutive tests were then performed over different resolutions to develop the methodologic
workflow. The orthophoto pixel size was increased to 0.96 m, 4.8 m, and 9.6 m to investigate if
coarser pixels would decrease the salt and pepper structure by averaging the spectral value and to
evaluate the most appropriate scale for forest classification, since that is the class with most diverse
spectral profile. The classification on 9.6 m resolution showed a substantial confusion between one
of the agricultural classes and other vegetation types (shrub and forest), therefore fields within
Alvaret were removed using the agriculture shapefile layer from the Swedish board of Agriculture.
Following the classification of 0.96 m, 4.8 m and 9.6 m resolution the 4.8 m resolution were chosen
for extraction of the forest class. Further classification of the smaller shrubs was performed on 0.96
m resolution to be able to classify the whole area, as the coarser resolution substantially reduces the
processing power needed.

The main steps in the process are illustrated in figure 3-4 below.

Extract forest from
4.8 m classification

v

Resampling: 0.96 m, Remove agricultural Remove forest from
48m_ 96m fields 0.96 m orthophotos

v v v

[Glassify:ﬂile— ] [Classify:ﬁtiles— ] [C'E'“'ﬁ":“”es'”%] [Classiwstnes-n.ga]

m, 4.8 m, 9.6 mw/o ;
0.16 m 9.6 m field m wio forest

Work flow >

Figure 3-4 Illustration of the order of the classifications and changes performed to the prepared area in the
study.

Software
The data processing and analysis was made with the GIS software ArcGIS Pro version 2.7 (ESRI, n.d.-a)

If nothing else is mentioned, the default settings for tools and functions were used.
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3.3.1 Pre-processing

Overview
An overview of the preparation of the orthophotos is displayed in figure 3-5.

MNatura 2000

Agricultural fields Forest class
boundary

Extract by mask ‘ Clip

Clip
Orto phq_‘[os southern Alvaret Alvaret wio fields Alvaret wio fields &
Oland forest

Figure 3-5 Illustration of the order of the classifications and changes performed to the prepared area in the study.

Extracting orthophotos
First the tool Extract by mask was used to remove superfluous raster data, clipping the orthophotos
with the boundary shapefile. To automate the process over the all the downloaded files, the model
builder was used to iterate the extract tool over all files in the downloaded folder.

Resampling
The orthophotos prepared in the original resolution (0.16 m) was resampled to three different
resolutions: 0.96 m, 4.8 m and 9.6 meters corresponding to 6, 30 and 60 of the original size pixels.

This was done with the raster function Resampling with the method average. A sample of the results,
together with the original resolution are presented in figure 3-6 below, to visualise the change of
distinguishability between the different structures.

Figure 3-6 Section of Stora Alvaret displayed with four different pixel resolutions to visualise the
change. (a) 0.16 m (b) 0.96 m (c) 4.8 m (d) 9.6 m. Scale 1:2000
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Remove fields and forest
To remove the agricultural fields the raster function Clip was used with the clipping extent inside, and
the land use shapefile as clipping extent. As raster functions create virtual raster layers the new layer
was exported as a raster to be saved and possible to use in other project files.

Further in the project the clip function ceased to work. Therefore, the extracted forest pixels were
removed with another method.

The raster was reclassified with the tool reclassify so all pixels representing forest had the value 0
and all others had the value 1. For the orthophoto each band was extracted with the raster function
extract bands. Each band was then multiplied with the reclassified forest raster, so all pixels within
the forest area got a value of 0 and all others remained the same. The four bands were then put
together into one raster again with the raster function composite bands.

Extract single class from image
With the tool Extract by attribute one class could be extracted from the classified image and saved as
a separate raster. In order to use it as a clipping extent on other files the raster was converted to
polygons with the tool Raster to Polygon. This was used to extract the forest class from the lower
resolution classification (4.8 m) to be able to remove the corresponding area from the higher
resolution orthophoto (0.96 m) to eliminate the mixing between forest and shrub classes in the
classification.

NoData
Several times during the processing NoData pixel, e.g. outside of the boundaries of the alvar or
within the range of the fields that were removed, were updated to a value of 0 (RGB 0,0,0) which
corresponds to a black colour. As this would affect the result of the classification they had to be
removed. For this the tool Set raster properties was used to change the 0 value back to NoData.

Mosaicking
The mosaics of the 5 tiles as well as the full area were created with the tool Mosaic to new raster. It
uses the mosaic operator last and the mosaic colormap first as a default, meaning that the value of
the cell in the last raster dataset in an overlapping will be used while the colour scheme from the first
raster will be applied to all.

Preparation of training and validation data
The training and validation samples were created in ArcGIS based on the observations during the
field study in two ways. First, specific samples noted in the field study were digitalized by drawing the
noted areas on the digital orthophotos with the training samples manager pane in the program.
Second, samples were photo-interpreted and digitalized outside of the areas of the field study based
on the knowledge obtained in the field work. This method enables more samples to be added to
classes that do not have enough representation at the chosen study sites and spread samples along
the full Alvaret.

The training and validation samples were spread over an area covered by 5 orthophoto tiles, as
shown in Figure 3-7. The 5 tiles cover around 30 km? which represent around 12 % percent of full
area (including fields). The second, fourth and fifth orthophotos are where the field study was
conducted, while the first and third orthophoto were selected to include structures that were not, or
only scarcely, represented before.
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Their index numbers are from top down, with a separate numbering in parenthesis: (1)

627_59_ 2500, (2) 626_59 5025, (3) 626_59_2550, (4) 626_59_0000, (5) 624__59_5000. Tile 1 was
selected based on the large presence of tree structures with a white colour, identified as willow, of
which only few examples were found at the field study sites. Tile 3 was selected due to the many
agricultural fields situated on the border.

0 & 6 12 Km
T T |

Esri, NASA, NGA, USGS; Esri, HERE, Garmin,
FAO, METI/NASA, USGS

Figure 3-7 Location of tiles used for training and validation samples in the study.

Separate training data sets, with different classes, were created for the respective resolutions as the
possibility to differentiate between structures changes with the pixel size, see figure 3-3.

To compute the classification and validation the training samples need to be split into two parts. For
the first tests on the single orthophotos the classification data and validation data were on separate
sites, e.g. the training of the model was done on one orthophoto and the validation was done on
another orthophoto. For the other classifications the training and validation was done on all five
tiles. The split between the training and validation samples was done by selecting, at random, 30% of
the samples from each class in the attribute table and saving them to a new layer as the validation
data. The rest of samples, 70%, were used for training.

3.3.2 Classification

For the classification the supervised classification method Random Forest was used. Random Forest
is a classification algorithm based on multiple decision trees. A decision tree classifier discriminates
between classes with binary rules, on for example spectral values, applied consecutively. In Random
Forest each decision tree is built from a random set of input variables and the end classification
result is the average of all the trees, which minimizes generalization and overfitting of the algorithm
(Chuvieco, 2016).

In ArcGIS pro the tool Train random tree utilizes the random forest method. The default settings are:
Maximum number of trees: 50, Maximum tree depth: 30, Maximum sample class: 1000 (Esri, n.d.-b).
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3.3.3 Post-processing

Generalization
After the classification, the 4.8 m resolution was processed to remove noise and small miss-classified
regions in the forest class. This was done with a process of three steps in ArcGIS called generalizing.
The process uses the tools Region Group, Set Null and Nibble. The region group tool identifies regions
for each cell, it uses four neighbours and connectivity test within as default. The Set Null tool then
replaces all regions smaller than the set value with NoData. Three different values were tested, 1
pixel, 10 pixels and 20 pixels and the choice of maximum 10 pixels was based on a visual
interpretation. As the last step the nibble tool replaces the NoData values with the nearest neighbour
(ESRI, n.d.-b).

Calculation of area
The area for the training and validation polygons were calculated within the attribute table. For each
file a new field was created, and the geometry was calculated for each polygon.

The area for the classes in the full area classification were calculated with the tool Tabulate area. It
calculates the area for each class within a zone, in this case the index file for the orthophotos was
used.

The statistics were then summarized in Microsoft Excel.

3.3.4 Validation

Validation of data can be done by evaluating the accuracy. Accuracy assessment is used both to test
the significance of the result and to evaluate the methodology in relation to others. It can be done in
several ways but one of the most reliable methods is to have an independent sample set for
validation (Chuvieco, 2016).

Confusion matrix
Confusion matrixes or error matrixes have been used since the 70s to evaluate remote sensing data
with respect to mapping accuracy. It is constructed with points sampled from the map containing
reference point or ground truth values together with the classified value (Stein, Van der Meer, &
Gorte, 2013).

The validation of the classification in this study was done with a confusion matrix computed by
accuracy assessment points. The tool Create accuracy assessment points was used to create points
within the validation samples with the ground truth value. It uses stratified random as a default
sampling strategy, where the number of random points were set to 5000. With the tool Update
accuracy assessment points the previously created points were updated with the class value from the
classified raster layer. The tool Compute confusion matrix compares the two values for the same
point and creates a confusion matrix.

In ArcGIS pro the confusion matrix includes overall accuracy, kappa index of agreement, producer’s
accuracy and user’s accuracy, (Esri, n.d.-a).

Overall accuracy
The overall accuracy is a percentage measure calculated as the number of correctly classified
samples or pixels divided by the total amount of samples or pixels (Sim & Wright, 2005). It is
calculated according to equation 1, where Pcc is correctly classified pixels and Pris the total number
of pixels.

0A = Zce (1)
Pt
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Kappa index
The kappa index of agreement or Cohen’s kappa coefficient is a measure of agreement taking into
consideration the possible agreement by chance. Thus, it can be referred to as a “true” agreement or
agreement beyond chance. It is calculated as observed agreement minus chance agreement divided
with 1 minus chance agreement. The possible result lay between -1 and 1 although values below 0
are rare as it would mean an agreement worse than chance. The kappa value is calculated according
to equation 2, where Py is proportion of observed agreements and Pcis proportion of agreements
expected by chance (Sim & Wright, 2005).

Po—P¢

K= —— (2)

1-P¢
An interpretation of values of kappa index are presented in table 3-3 (Sim & Wright, 2005).

Table 3-3 Interpretation of Kappa index (Sim & Wright, 2005).

KAPPA STRENGTH OF
VALUE AGREEMENT
<0 Poor

0.01-0.20 Slight
0.21-0.40 Fair
0.41-0.60 Moderate
0.61-0.80 Substantial
081-1 Almost perfect

User’s and producer’s accuracy
User’s and producer’s accuracy might be more well-known under the names type 1 and type 2 error
or the related error of commission and omission (Esri, n.d.-a).

User’s accuracy is a measure of false positive, counting the number of samples or pixels incorrectly
being classified to a certain class (Esri, n.d.-a). One minus the user’s accuracy corresponds to the
error of commission. User’s accuracy is calculated according to equation 3 where Pcw is wrongly
classified pixels and Pris total classified pixels the specified class.
P
UA =-% (3)

Pcr

Producer’s accuracy is instead a measure of pixels not being classified as the class they belong, called
a false negative (Esri, n.d.-a). One minus the producer’s accuracy corresponds to the error of
omission. Producer’s accuracy is calculated according to equation 4 where Pco is pixels classified as
another class and Pris total classified pixels in the specified class.

pA =Zteo (4)

Pcr
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4 Result

4.1 Shrub and tree species
The shrub and tree species that were identified during the field study are presented, with their
English and Latin name, in table 4-1 below.

Table 4-1 Shrub and tree species identified in the field study.

English name Latin name
Common juniper Juniperus communis
Shrubby cinqufoil Dasiphora fruticosa
European ash Franxinus exelsior
Silver Birch Betula pendula
Scots Pine Pinus sylvestris
Azerole Cratageus azaralus
Dog rose Rosa canina
Rockspray cotoneaster Cotoneaster horizontalis
Barberry Berberis vulgaris
Common sallow /willow Salix cinerea
Blackthorn Prunus spinosa

Several of the shrub species such as azerole, rockspray cotoneaster, barberry and blackthorn were
only found in single or a few specimens and often growing in close proximity or intertwined with
juniper. This made it difficult to produce a sufficient amount of training and validation sample and
therefore it was not possible to perform a classification on the species separately.

Most trees were found growing in groves or forest patches. They were therefore classified together
as a forest class with the exemption of willow, which has a very contrasting, white colour.

4.2 Classification

4.2.1 Classification at 0.16 m resolution

The first classification was validated on one tile. There were 62 training polygons and 45 validation
polygons covering an area of 13 000 m? and 4500 m?, respectively. The separate classes and
corresponding number of polygons and area are presented in table 4-2.

Table 4-2 Training sample set for classification of 0.16 m pixel resolution orthophoto with presented with number of
polygons and corresponding area for each class.

Training Validation

Class Polygons Area/(m?) Polygons Area/(m?)

Juniper 16 329 12 667
Shrubby cingfoile 18 2 456 4 169
Trees 2 3592 5 2 897
Rosehip 2 59 1 11
Stone 3 460 3 106
Grass 9 1236 4 290
Soil 2 964 4 49
Soil2 2 2519 3 126
Soil3 3 1287 4 62
Shadow 5 183 5 122
Total 62 13 085 45 4 499
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The result of the first classification is displayed in figure 4-1. As seen, the result shows mixing of the
classes known as a ‘salt and pepper’. This pattern is especially prominent within the forest structure.

Class_name
B Trees
Olandstok
Nypon (rose)
Stone
Grass
Soil
Soil2
Soil3

B shadow

000. Orthophoto © Lantmdteriet.

Separate from the visual judgment the confusion matrix also demonstrated an overall weak
classification with an overall accuracy of 0.21 and a kappa value of 0.10. The results within the classes
however vary with e.g. a producer’s accuracy of 0.86 for the class shadow but 0.00 for rosehip, see
table 4-3.

Table 4-3 Accuracy assessment for 0.16 m presented with producer’s and user’s accuracy for each class.

Shrubby
Juniper cingfoile Trees Rosehip Stone Grass Soil Soil2 Soil3 Shadow
Producer’s
accuracy 0.61 0.52 0.04 0.00 0.65 0.32 0.00 0.00 0.64 0.86
User’s
accuracy 0.21 0.26 0.42 0.00 035 0.99 0.00 0.00 0.86 0.09

As can be seen in figure 4-2, the smaller structures are clearly distinguished from the ground layer
but are classified as mostly trees (dark green) with a little bit of shrubby cinquefoil (yellow).
Classification at 9.6 m resolution

Figure 4-2 (a) Detail of orthophoto 0.16 m (b) Detail of classification 0.16 m. Scale: 1:1000. Orthophoto
© Lantmaditeriet.
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The 9.6 m resampled mosaic was classified and validated with the help of 39 training and 18
validation polygons over 8 classes covering a total of 330 000 m? and 140 000 m? respectively. The
separate classes and corresponding number of polygons and area are presented in table 4-4.

Table 4-4 Training sample set for 9.6 m with number of polygons and corresponding area.

Training Validation
Class Polygons Total area / (m?) Polygons Total area / (m?)
Forest 10 132964 5 86611
Soil2 5 3898 2 2251
Soil3 5 2908 2 1832
Grass 6 10 946 3 10377
Water 4 6 366 2 5501
Field 6 94 964 3 35188
Field_bare 3 76 645 1 6143
Total 39 328 691 18 141 760

For this classification the vegetation classes were reduced, only differing between forest, grass and
field (agricultural), since the shrub structures were difficult to distinguish from the ground layer (e.g.
grass, soil).

Soil2

Sail3
Grass
Water
Field
Field_bare

Figure 4-3 Display of orthophoto and classification result. (a) Orthophoto 9.6 m (b) Classification 9.6 m.
Scale 1:20 000. Orthophoto © Lantmditeriet

The kappa value for the classification was 0.79 which, compared to the first classification is a
considerable increase. However, as can be seen in figure 4-3, the classes field and field bare cover a
lot of the area which does not include any farmland. This error is represented in the producer
accuracy (errors of omission) for the classes Forest and Soil2 with a value of 0.84 and 0.28
respectively, see producer’s and user’s accuracies in table 4-5.

Table 4-5 Accuracy assessment for 9.6 m presented with producer’s and user’s accuracy for each class.

Forest Soil2 Soil3 Grass Water Field Field_bare

Producer’s
Accuarcy 0.84 0.28 1.00 0.88 0.81 0.96 1.00
User’s Accuaracy 0.97 0.95 0.72 0.97 1.00 0.71 0.75
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To minimize these errors the agricultural fields within the area were removed. The same training
sample set as before was used, except the training and validation polygons from the classes field and
field_bare, which were excluded as they lay in areas with NoData. This resulted in 30 training and 14
validation polygons covering a total of 160 000 m? and 110 000 m? respectively.

The separate classes and corresponding number of polygons and area are presented in table 4-6.

Table 4-6 Training sample set for 9.6 m w/o field with number of polygons and corresponding area.

Training Validation
Class Polygons Total area / (m?) Polygons Total area / (m?)
Forest 10 132964 5 86 611
Soil2 5 3898 2 2251
Soil3 5 2908 2 1832
Grass 6 10 946 3 10377
Water 4 6 366 2 5501
Total 30 157 082 14 106 572

The result of the new classification, without the field classes, is displayed in figure 4-4.

Figure 4-4 Display of orthophoto and classification result. (a) Orthophoto 0.16 m (b) Classification 0.16 m w/o fields.
Scale 1:20 000. Orthophoto © Lantmditeriet

With the removal of the fields the kappa value increased to 0.92. But as can be seen in figure 4-4 a
lot of ground is classified as water, which is represented by the producer’s accuracy of 0.72 for water,
see producer’s and user’s accuracies in table 4-7.

Table 4-7 Accuracy assessment for 9.6 m w/o field presented with producer’s and user’s accuracy for each class.

Forest Soil 2 Soil3 Grass Water

Producer's
accuracy 0.99 0.98 0.94 0.97 0.72
User's accuracy 0.99 1.00 1.00 0.86 0.91
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4.2.2 Classification at 4.8 m resolution

For the 4.8 m resolution 62 training samples and 29 validation samples were used over a total area of
170 000 m? and 38 000 m? respectively. Since the removal of the fields in the 9.6 m classification
contributed to a classification with a higher overall classification and kappa value, the first
classification on 4.8 m was done after the fields were removed. The classification of the 4.8 m
resolution orthophotos was made with 8 classes, 3 more than that for 9.6 m resolution, as it was
possible to differentiate between more structures at this scale. The separate classes and
corresponding number of polygons and area are presented in table 4-8.

Table 4-8 Training sample set for 4.8 m with number of polygons and corresponding area.

Training Validation
Polygons Total area(m?) Polygons Total area (m?)
Shrub 7 4862 3 3969
Willow 8 584 4 248
Forest 16 119184 7 21225
Sail2 8 6504 4 1610
Soil3 6 2187 3 2701
Stone 4 546 2 163
Grass 9 20569 4 6482
Water 4 10773 2 1094
Total 62 165209 29 37492

The orthophoto resampled to 4.8 m resolution and the classification are shown in figure 4-5.

Class_name
I shrubs
~ Willow
B Forest
Soil2
Sail3
. Stone
Grass

N water

Figure 4-5 Display of orthophoto and classification result. (a) Orthophoto 4.8 m (b) Classification 4.8 m w/o fields
Scale 1:20 000. Orthophoto © Lantmditeriet

As can be seen in figure 4-5 the image contains a similar “salt and pepper” structure as the
classification on the original resolution, figure 4-1.

The validation gave a kappa value of 0.86 and overall accuracy of 0.91. That is lower than for the 9.6
m classification without fields, but grass and shrub regions are identifiable. See producer’s and user’s
accuracies in table 4-9.
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Table 4-9 Accuracy assessment for 4.8 m presented with producer’s and user’s accuracy for each class.

Shrub Willow Forest Soil2 Soil3 Stone Grass Water
Producer's
accuracy 0.61 0.48 0.96 0.99 1.00 0.95 0.95 0.57
User's accuracy 0.88 1.00 0.93 0.67 1.00 0.95 0.90 1.00

4.2.3 Classification at 0.96 m resolution
The 0.96 m resolution was, like the 4.8 m resolution, classified without the field classes. At this scale
it was possible to differentiate between the two shrubs juniper and shrubby cingfoile and the
classification was done over 10 classes. There was a total of 89 training and 36 validation polygons
which covered an area of 160 000 m? and 34 000 m? respectively. The separate classes and

corresponding number of polygons and area are presented in table 4-10.

Table 4-10 Training sample set for 0.96 m with number of polygons and corresponding area.

Training Validation

Class Polygons Total area/(m?) Polygons Total area/(m?)
Juniper 18 621 6 99
Shrubby

cinquefoil 13 839 6 363
Willow 10 726 4 146
Forest 15 125 964 6 18 126
Shadow 5 168 2 59
Soil2 6 5439 2 1031
Soli3 8 3148 2 1501
Stone 4 456 2 253
Grass 6 15592 3 5731
Water 4 6 665 3 6512
Total 89 159 618 36 33821
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The orthophoto resampled to 0.96 m resolution and the classification are shown in figure 4-6.

Class name

- Juniper
Shrubby cingfoil
Willow

BN Forest

Figure 4-6 Display of orthophoto and classification result. (a) Orthophoto 0.96 m (b) Classification 0.96 m w/o fields.
Resolution: 1:20 000. Orthophoto ©Lantmdteriet

This classification shows similarity to the original classification with a lot of salt and pepper
structures. It however shows a much higher result on both overall accuracy and kappa value, which
in this classification were 0.88 and 0.82, see producer’s and user’s accuracies in table 4-11.

Table 4-11 Accuracy assessment 0.96 m presented with producer’s and user’s accuracy for each class.

Shrubby
Juniper cingfoil Willow Forest Shadow Soil2 Soli3 Stone Grass Water
Producer’s
accuracy 0.73 0.67 091 0.80 090 095 1.00 095 093 1.00
User’s
accuracy 0.04 0.11 0.42 0.99 0.41 099 100 0.83 099 1.00
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4.2.4 Forest removal

An attempt to combine the different resolutions was made, with extracting the forest class from a
higher resolution and removing the corresponding area from a lower resolution orthophoto. The 4.8
m resolution was chosen, as the 9.6 m resolution classified a lot of open ground as forest. In order to
remove the smaller isolated regions within the forest the classified image was put through pixel
generalization by nearest neighbour, as described in section 3.3.3 (Generalization). The results are
displayed, together with the 4.8 m classification, in figure 4-7 with removal of regions smaller than 1,
10 and 20 pixels respectively.

(d)

Figure 4-7 Display of results from post processing with generalization method. (a) 4.8 m classification
(b) generalization of 1 pixel (c) generalization of 10 pixels (d) generalization of 20 pixels.
Resolution 1:10 000. Orthophoto ©Lantmdteriet

The generalization of 10 pixels was chosen as the best, based on visual interpretation over a larger
part of the mosaic.

With the generalized image of 10 pixels from the 4.6 m resampling classification, the forest class was
extracted using the method described in section 3.4.1 (Extract single class from image). That area
was then removed from the mosaic of 0.96 m resolution, with the raster clip function, described in
section 3.4.1 (Remove fields and forest).

4.2.5 Classifying without forest

The 0.96 m resolution was chosen as the lower resolution, as it still was possible to differentiate
between the shrub species, but reduces the processing power needed highly with respect to the
original 0.16 m resolution. This time with 101 training polygons and 46 validation polygons with a
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total area of 31 000 m? and 26 000 m?respectively. The separate classes and corresponding number
of polygons and area are presented in table 4-12.

Table 4-12 Training sample set 0.96 m w/o forest with number of polygons and corresponding area.

Training Validation

Class Polygons Total area (m?) Polygons Total area (m?)
Juniper 25 985 11 697
Shrubby

cingfoile 17 1043 10 567
Willow 4 270 3 253
Soil2 15 6165 6 5439
Soil3 11 3084 4 2619
Stone 9 688 4 456
Grass 14 16817 6 15592
Water 6 2061 2 394
Total 101 31113 46 26017

The orthophoto with the remove forest area and the classification result are shown in figure 4-8.

Class_name
I 3uniper
Shrubby cingfoil
Willow
Soil2
Soil3
Stone
Grass
Water

Figure 4-8 Display of orthophoto and classification result. (a) Orthophoto 0.96 m (b) Classification 0.96 m w/o fields and forest.
Resolution: 1:20 000. Orthophoto ©Lantmdteriet

It resulted in an overall accuracy of 0.96 and a kappa value of 0.94, see producer’s and user’s
accuracies in table 4-13.

Table 4-13 Accuracy assessment for 0.96 m w/o forest presented with producer’s and user’s accuracy for each class.

Shrubby
Juniper Cingfoil Willow Soil2 Soil3 Stone Grass Water
Producer’s
accuracy 0.84 0.80 0.73 099 095 099 0.97 1.00
User’s
accuracy 0.54 0.69 0.86 099 100 0.73 1.00 1.00
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4.2.6 Summary of results

The number of classes, overall accuracy, and kappa value together with producer’s and user’s
accuracy for the two species of interest, juniper and shrubby cingfoile, are presented in table 4-14,

for all classifications presented.

Table 4-14 Summary of result of classification

Juniper Shrubby cingfoile

Number of Overall Producer’s User’s Producer’s User’s
Resolution classes accuracy Kappavalue accuracy accuracy accuracy  accuracy
0.16 m 10 0.21 0.10 0.61 0.21 0.52 0.26
9.6m 7 0.87 0.79 - - - -
9.6 mw/o
field 5 0.97 0.92 - - - -
4.8m 8 0.91 0.86 - - -
0.96 m 10 0.88 0.82 0.73 0.04 0.67 0.11
0.96 m w/o
forest 8 0.96 0.94 0.84 0.54 0.80 0.69

4.3 Proposed method

Following the results of the performed tests, a final method is proposed to achieve a sufficient
classification of Juniperus communis and Dasiphora fruticose on Stora Alvaret. It is based on the

following findings:

- The original pixel resolution is too heavy for processing on available resources. Additionally,
on a first test the fine resolution contributes to a separation of vegetation and shadows
which contribute to the mixing of classes.

- The agriculture fields share similar reflectance with some of the other vegetation classes. As
there is accurate and updated geodata available, they can be removed from the

classification.

- Forest areas showed to be an additional source of errors for the classification of shrubs.
Therefore, they should be masked out if possible. In this study, it was found out that the best

resolution to classify forests is 4.8 m.

The steps and workflow of the proposed method is presented in figure 4-9.
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Figure 4-9 Illustration of workflow of proposed method for classification in the study.
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4.3.1 Overview of final classification
Finally an overview of the final classification of the five tiles are presented together with the
coverage area of the classes.

o : Class_name
4 - y I uniper

) 2" Shrubby cingfoil
: Willow

Soil2

Soil3

Stone

Grass

Water B Forest

Figure 4-10 Classification of the five tiles at 0.96 m resolution w/o forest together with the forest class from the 4.8 m
resolution classification. Scale 1:180 000

The areas of each class and the corresponding percentage of the five tiles are summarized in table 4-
15.

Table 4-15 Classes in the final map with their total area and the corresponding percentage of the classified area.

Class Area (m”~2) Area(km”2) Percentage of area

Juniper 3482630.6 3.5 8.2%
Shrubby Cingfoil 2828735.1 2.8 6.7%
Willow 352266.9 0.4 0.8%
Soil2 4162534.5 4.2 9.8%
Soil3 2206817.3 2.2 5.2%
Stone 7313057.3 7.3 17.2%
Grass 3873942.8 3.9 9.1%
Water 321961.9 0.3 0.8%
Forest 17878313.8 17.9 42.1%
Total 42420260 42.4 100.0%
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5 Discussion

According to Sim & Wright (2005) a kappa value above 0.61 implies a substantial classification while
an kappa value above 0.81 is almost perfect. This suggests that all classifications except the first one,
on the original resolution, could be somewhat useful and that the 9.6 m without field and the 0.96 m
without forest could be useful results. The two studies presented in the background which included
kappa values in their analysis reached a result of 0.88 (Boswell et al., 2017) and 0.82 (Mora et al.,
2021) which means that this study’s final classification (0.96 m without forest) is well comparable
with a kappa value of 0.94.

While kappa value and overall accuracy is an easy metric to be able to compare classification results
it is also important to examine the producer’s and user’s accuracy for the classes of interest. In this
study a mixing between the different soil types, or between water and grass would not be of great
importance since the vegetation is the classes of interest, however they affect the overall metrics.
For example, the water class showed a very high accuracy on most classifications while the shrubs,
trees and grass mixed a lot. Similarly to what Hellesen & Matikainen (2013) stated that separating
between vegetation classes is difficult due to similar spectral reflection.

The final classification gave a high producer’s accuracy for both species of interest, with 0.84 for
juniper and 0.80 for shrubby cingfoile, meaning that most pixels that are juniper and shrubby
cingfoile are also classified as such. However, the user’s accuracy is lower, especially for juniper with
0.54 while shrubby cingfoile has 0.69. For juniper, the classification mostly includes pixels that were
in fact grass but also some that were validated as willow and shrubby cingfoile (see appendix). To
have a misclassification between juniper and shrubby cingfoile does not necessarily create large
implications for the end use of the data, if used for monitoring total shrub encroachment.
Misclassification of grass pixels as juniper however introduces an overestimation of the area of
shrubs which is important to consider in the interpretation or usage of the final map.

The size of the pixels changes the possibility to differentiate between the structures on the
orthophotos, as was shown in this study. Depending on the application different classes can be
included, as stated by Khorram et al. (2012) the choice of classes should “make sense” to the end
user, and therefore different resolutions could be suitable. In the study by Mora et al. (2021) the final
classification was performed on groups of vegetation with dominating species, since it wasn’t
possible to separate the single species altogether. Boswell et al. (2017) argue that classification of
broad vegetation groups is possible, in their study tree, shrub and herbaceous were used.

The previous studies presented in the background are as mentioned differing in a lot of variables,
one of which is the pixel size used for classification, with a range from 0.1 m to 10 m. As they are
differing in more ways it’s not possible to directly compare the results of the classifications
connected to the pixel size, but it shows a possibility to obtain substantial results for the range of
resolution. This study further shows that it is possible to classify single species, as juniper and
shrubby cingfoile with a substantial result. However, classifying single species requires a finer
resolution of the orthophotos, which was shown in this study as it was not possible to differentiate
between the shrub species at coarser resolution when creating training samples. In this case the
original data had a pixel size of 0.16 m, but going back in time just 1 year to 2018 the available
resolution of Alvaret was 0.25 m and more remote parts of Sweden 0.5 m (Lantmateriet, n.d.). While
all these resolutions still are finer than the final resolution used in this study, if working with another
area, or further back in time it is possible that only coarser resolutions area available, which might
change the preferred method.
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A possible application in monitoring would be to classify the area with orthophotos from two
separate years and then perform a change detection that shows which areas had an encroachment
or a reduction of shrubs. Both these methods should be considered as a first part in the screening
process and not a final decision basis. However, it fits well with the work structure already
implemented at the county administrative board where orthophotos are examined to decided areas
that are visited in field.

In the EU project for restoration of Stora Alvaret performed between 1996 and 1999, a big effort was
put into monitoring and evaluating the measures made. One of the two applications for monitoring
was the creation of a vegetation map with the biggest detail yet over the alvar habitats on Oland. It
was made with interpretation of aerial photographs and divided the area into vegetation types with a
detail of 2 500 m?. 80 different vegetation types were included and additionally a layer of shrub
coverage was provided, with indication of less than 10 %, between 10-70% or above 70 % of shrubs.
The authors point out that even with the high detail, it was necessary to do generalizations, as not all
vegetation types are differentiable with aerial photos (Forslund & Lager, 2000). This indicates that
the previously proposed adaptation for monitoring indeed provides a relevant and usable tool. The
result of this thesis differs as it classifies the two individual shrub species together with broader
vegetation types such as forest and grass. A possible implication for future research would be to
focus the result on producing shrub coverage maps, similar to the suggestion based on Ekstam &
Forshed’s sub environments.

For monitoring, new classifications would have to be done for each year included, both forward and
backwards in time. With every classification, all steps in the method need to be performed again and
the training sample set would have to be updated. However, with the knowledge from one year’s
classification the training and validation samples could be created without doing a field visit, which
would reduce the time and effort needed to produce the result. It is also possible, especially if the
years of classification are close in time, that some or most of the training and validation samples can
be re-used. If implementing the method as a part of a long term monitoring program it would be
beneficial to further investigate the usage of the function model builder in ArcGIS pro, as a way to
automate the process and reduce the effort needed for each new classification.

With removing first the fields and then the forest class from the orthophotos, this study uses a
similar method as in Ayhan & Kwan (2020) in isolating the vegetation classes of interest to improve
the classification. The two removed areas are however different in how much uncertainty they
introduce to the final result. The field polygons are defined by the Swedish board of agriculture and
while they are not completely covering, they are not removing any other land cover, which was
validated through a visual inspection. The forest area removed is defined by the classification on the
4.8 m resolution. It had a producer’s and user’s accuracy of 0.96 and 0.93 respectively, which is high
but not a perfect classification meaning that 4 % of pixels that are not forest will be included (and 7 %
of pixels that are forest will be excluded). For a transparent result this uncertainty should be included
in the final results, either by clearly stating it or re-calculating the overall accuracy and kappa value,
with the producer’s and user’s accuracy for the forest class included.

Another possible effect of removing areas from the original image is that training and validation
samples fall within areas of NoData. As previously mentioned, pixels of other classes were included in
the forest removed and the classes wrongly classified as forest were shrub, willow, and water (see
appendix), which means that possibly samples of the corresponding classes were removed. If
following the suggested method, and creating the sample set for the finer resolution after the forest
is removed, this problem does not emerge, but is important to be aware of when working with an
iterative process and reusing sample sets.
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Hellesen & Matikainen (2013) showed in their study that classification could improve when including
LiDAR data as auxiliary information. However, LiDAR data is not produced in the same frequency as
orthophotos by Lantmateriet. The existing dataset was collected between 2009 and 2019 and there
is no existing plan of updating the information (Lantmateriet, 2020). Therefore, if including LiDAR
data to improve the method for monitoring on long term, new data would need to be produced.
Additionally it would need further knowledge on processing of LiDAR data or external production of
an nDSM, that then could easily be included in the classification tool in ArcGIS pro.

The orthophotos used in this study, from 2019, were acquired in the end of May which according to
both Persson et al. (2018) and Abdi (2020) falls within the best time for remote sensing data
acquisition if not using multi-temporal data. Lantmateriet only produces orthophotos every second
year, and alternates with dates before and after the budburst (Lantmateriet, n.d.). So, if only using
late spring data it would be possible to perform a new classification every fourth year. Using multi-
temporal data could improve the classification, as Persson et al. (2018) had the highest accuracy with
all-year data, however it would require switching to satellite data or performing separate drone or
airplane acquisition on several occasions.

The split between the training and validation samples of 70 % and 30 % described in the method
were not kept consequent during the whole study. During the iteration process the same sample sets
were reused and were already divided between training and validation data. The added data was not
as accurate in terms of percentage. Also noted is that the split was made based on the number of
polygons and not the number of pixels. Although most classes had similarly large polygons within the
class, it was not always the case and therefore a 70% - 30 % split in number can correspond to a
different percentage in area.

The number of polygons and area covered in the training sample sets also differed between the
resolutions. One explanation is the change of number of classes, but it is also not possible to create
an equally small sample on the 9.6 m resolution as the 0.16 m, and because of the time frame during
the processing, the sample sets were kept at a small number. This resulted in that the first rule by
Khorram et al. (2012) in creating training samples was not kept, as the samples of each class did not
exceed the number of classes by three. However, it might be questionable if purely the number of
samples or polygons should be measured, as previously discussed the number of pixels in each
sample can differ a lot. Rule number two, that the training samples should include the spectral
distribution of the class was kept, as samples were picked to cover the variation within the classes
and all over the area which also covers rule four, to not cluster the samples. Rule three, to keep each
sample as homogenous as possible, was kept within the smaller samples and single species classes.
While for forest, a lot of mixed pixels were included, as it was a mix between the single trees and
shadows in between.

Only one algorithm, Random Forest, was used for the classification in this study. It is showed to have
high accuracy, to be easy to work with and to have good results on small datasets on land cover
classification (Pal, 2005; Ramezan et al., 2021). With the limited time in this study, as Ramezan et al.
(2021) recommends, Random Forest was chosen, but for further research several machine learning
algorithms could be compared with, to ensure the highest accurate classification for the specific area
classes.

Alterations can be done in almost all ArcGIS functions, and it would with the time frame of the study
be impossible to test and evaluate the optimal values and settings for each. Therefore, the default
has been used for all functions and as the classification reached sufficient results it is not evident to
include optimisation test on each step.
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With the high resolution orthophotos the data set covering the whole of Stora Alvaret amounted to
around 40 GB. The big data set made it difficult to work with the whole area in ArcGIS when e.g.
creating training samples, therefore the method was developed and validated on five tiles spread
over the area. The five tiles were selected to include variation in vegetation and land cover, but for a
more secure result, additional training and validation should be done all over the area. In further
research working directly with the whole dataset would therefore be preferred, which requires
computers with better processor and more physical memory. The trained classification algorithm
could also be applied to all tiles in a batch process, which requires less processing powers and will
produce classified rasters for the whole area, but will not contribute to any further training and
validation material.
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6 Conclusion

This study finds that it is possible to successfully classify juniper and shrubby cingfoile on Stora
Alvaret with the method proposed. It could be used as a step in a monitoring program for shrub
encroachment but should not be used to make detailed management decisions without
complementary field visits.

The kappa value for the final classification was 0.94 which is defined as an “almost perfect” result.
However, it is important to examine the metrics for the classes of interest as their accuracy might
differ from the overall.

For further research the method should be tested on the full area and then be applied on multiple
years to be able to evaluate the usage of change detection as a tool in monitoring shrub
encroachment. The creation of the sample set should be held more consequent to ensure
comparable results.
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