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OZET

Kentsel yesil alanlar, pek ¢ok sehirde kentin 6nemli bir boliimiinii olusturmakta ve kentsel
alanlar1 bircok yonden etkilemektedir. Yesil alanlarin ¢evresel, saglik, sosyal ve ekonomik
etkileri biiyiikliik, dagilim ve tiirlerine gére degismektedir. Bu nedenle, kentteki yesil alanlarin

cografi/mekansal agidan degerlendirilmesi biiyiik 6nem tagimaktadir.

Bu baglamda, Southampton, Birlesik Krallik sehrindeki yesil alanlarin degerlendirilmesine
yonelik bu tez calismasi gerceklestirilmistir. 1140 hektarlik agik yesil alan1 ve kentin %18’ini
kaplayan aga¢ mevcudiyetinin yani sira yerlesim bolgelerindeki bahgelerden olusan 6zel

alanlariyla sehir, yesil alandan yoksun degildir.

Calismada, sehri icine alan alt1 adet 5*5 km? 'lik ulusal grid karelerinin “Environment Agency”
tarafindan tiretilen mevcut yiiksek ¢ozlniirliiklii goriintiileri ve LiDAR verileri, yesil alanlarin
tiirtinii belirlemekte kullanilmistir. Bu amag¢ dogrultusunda, kontrollii ve kural-bazli nesne
tabanl goriintii siniflandirma yaklasimlar1 uygulanmistir. En yiiksek dogrulukla tiretilen “Arazi
Ortiisii/Arazi Kullanim1” bilgisi kullamilarak, yesil alanlar yerlesim yerlerine yakinligina gére
ozel ve kamusal olarak smiflandirilmis ve yiikseklik bilgisi kullanilarak agaglar tespit

edilmistir.

Calisma alaninin %44.16’sin1 olugturan SU31SE gridindeki yesil alanlarin %66.8’1 ve
%51.16’s1m1 olusturan SU41SW’deki yesil alanlarin %68.9’u 6zel yesil alanlardir. Ayrica

caligma alaninda kilometrekareye diisen agag sayis1 528’tir.

Bu sonuglar, Southampton'da kamusal yesil alandan daha fazla 6zel yesil alan oldugunu

gostermektedir.



ABSTRACT

Urban green spaces constitute a significant part of urban in many cities all around the world
and they affect urban areas in many ways. The environmental, health, social and economic
effects of the green spaces vary according to the size, distribution, and type of them. For this
reason, it is of great importance to assess the green spaces in the city from a geospatial

perspective.

In this context, this research project was carried out to green space assessment of Southampton.
The city is not a city devoid of green spaces, with its 1140 hectares of open green space and

18% of the city's trees, as well as private green areas consisting of gardens in residential areas.

In this study, the existing data high-resolution images and LiDAR data produced by the
Environment Agency of the six 5 km national grid tile covering the city of Southampton were
used to identify the type of green spaces. Supervised and rule-based object-based image
classification approaches were used to determine green space. Using the LULC information
produced with the highest accuracy by these methods, green spaces were classified as private
and public depending on the proximity of residential areas trees were detected based on height

information.

66.8% of the green areas in the SU31SE 5 km grid, which constitute 44.16% of the study area,
are private green areas. 68.9% of the green areas in the SU41SW network, which constitute
51.16% of the study area, are private green areas. In addition, there are 528 trees per square

kilometre in the study area.

These results show that there is more private green space than public green space in

Southampton.
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1. INTRODUCTION
1.1. Urban Green Space

There is no sole definition of green space globally accepted and used by authorities. Green
space is defined depending on disciplines and qualitative or quantitative criteria (Taylor and
Hochuli, 2017). However, in its most comprehensive expression, it can be defined as a range

of vegetation (Almanza et al., 2012).

Green spaces are expressed in various terms such as forest, park, and grassland according
to their geographical location and usage purposes. Urban green space (UGS), the research

area of this study, is one of the most widely used terms to express green areas.

Boulton et al. (2018) defined UGS as only non-privately owned vegetated areas in urban.
Moreover, the European Commission (2012) defined UGS, one of the European urban atlas
classes, as space consisting only of forests, open green spaces mainly used for recreational
purposes and suburban parks. Moreover, a significant portion of the tree presence in urban
areas is found in the parks (Shanahan et al., 2015). Also, street trees are an essential part of

UGS, especially in well-planned cities (Wood and Esaian, 2020).

However, green spaces in the city do not only consist of public open properties. Domestic
private green areas around dwellings, which are part of cities, usually called private gardens,
are also part of the UGS. In addition, UGS are defined by land characteristics as well,
independent of if they are private or public (Zou and Wang, 2021).

The main reason UGS is a concept defined in many ways is that it is one of the joint study
subjects of different disciplines. To date, there are many studies on green spaces in cities.
However, the definitions of public and private green spaces and their differences from each
other, and especially the issue of whether private green areas can be considered a part of the
UGS, are still unclear. Arguments still to be clarified about UGS like this may be among

the new and highly preferred topics of UGS studies in recent future.

On the other hand, the contribution of public green space to the liveability of the living
environment and the experience of nature are crucial elements. One distinguishing element
of the domestic garden is that it is regarded as an outside living space that provides casual
recreation. Consequently, public and private green spaces are not interchangeable features

(Coolen and Meesters, 2012). This means UGS are composed of elements that differ from



each other. However, to reveal this variation, it is necessary to map the green areas in the

city primarily.

The speed of developments in geospatial technology has added a new dimension to this
issue. These developments have contributed to local, national, and global decision-making
authorities such as city councils, ministries, and international organizations to take action
to ensure the sustainability of urban green spaces that fall under their responsibility. In this
context, many institutions publish various plans and reports for the present and future of
green spaces in their cities. For instance, United Nations (2015) has set the goal of building
greener and more accessible green spaces to make cities resilient within the framework of
sustainable development goals. The European Commission (2013) has adopted the strategy

of protecting and developing green areas.

In addition, local authorities carry out a series of studies for the planning and continuity of
UGS. “Southampton City Council Green City Plan 2030” prepared by Southampton City

Council is one of them.

1.2. Southampton Council Green Space Policy

Southampton, with an estimated 267,000 single trees covering 18% of the city and a
population of 262,000, has trees one per capita. Besides, it is rich in public green space with
49 parks and 1,140 hectares of open green space (Southampton City Council, 2020). In
addition, with an average garden size of 152 m?, it is above the UK average of 130 m?
(ConservatoryLand, 2021). Nevertheless, these values alone are not an indication of
whether the green areas in the city are sustainable, healthy, and capable of adding economic
and social added value to the city. Many different parameters such as the location, spatial
distribution, accessibility, phenological and biochemical characteristics of UGS affect the

quality and sustainability of a city.

The necessity of cities to be greener and thus environmentally sustainable places for the life
of living things has made it inevitable to take actions proactively against climate change as
soon as possible. In line with this purpose, many different authorities have published plans
stating when and how they will act on this issue. In this context, Southampton City Council

has also published a plan “Southampton City Council Greener City Plan 2030 in 2020.



Within the framework of this plan published to raise Southampton to higher standards in
different aspects for today and future generations, it aims to make the city a greener,
healthier, cleaner, and sustainable city identity, and how these goals would be achieved was
explained in detail. Therefore, to achieve these ultimate purposes, the policy of increasing
green spaces in the city and making them better quality areas has been shaped in line with
the objectives of the city’s themes of clean air, health and wellbeing, clean and

environmentally friendly transportation, and carbon reduction (Southampton City Council,

2020).

1.3. Aims and Objectives

The overall aim of this research project is to assess green spaces in Southampton
geospatially by producing visual and numerical outcomes as maps and charts to show the
distribution of private and public green spaces and tree density using high spatial resolution
aerial images and LiDAR data provided by Environmental Agency of the Department for
Environment, Food and Rural Affairs (DEFRA).

To achieve the overall aim, these objectives determined:

e To produce a land use/land cover information of the study area using the Object-based

image classification technique

e To separation of public and private green areas in the study area with spatial approach



2. LITERATURE REVIEW

This section aims to evaluate the effects of urban green spaces and the approaches used in
the spatial analysis of these areas by bringing a critical perspective to the literature produced
so far. In section 2.1, the effects of urban green areas will be examined in environmental,
health and economic and social aspects by introducing relationships of spatial evaluation of
urban vegetation with these aspects. In Section 2.2, current methods and data used in the
literature to perform the identification, mapping, and spatial assessment of UGS will be
critically analysed. Classification methods used in UGS studies will be discussed in Section
2.3. Finally, it will reveal how the gap in the literature about separating UGS as public and

private can be filled with available data of the study area.

2.1. Effects of Urban Green Space

UGS has the capacity to affect the world in many ways, both with its content and depending
on its location. UGS can provide various benefits and cause some threats to living and non-
living creatures around them, mainly due to their location and spatial distribution (Bradley

and Altizer, 2007; Roy et al., 2012; Shackleton et al., 2015).

2.1.1. Environmental Effects

Since the beginning of the 20™ century, as urbanisation is growing rapidly than ever before
most places on the world, the effects of green spaces in cities have started to be discussed
(Clark et al., 2017). With the increase in the population living in the city, the size of the
cities expands, and the need to offer new living spaces, transportation facilities and various
job opportunities to new citizens in the cities arises (Dieleman and Wegener, 2004; Nissar
and Nuzhat, 2016; Zhao et al., 2010). All these developments contribute to human
civilisation (Lim and Lee, 2012; Plaziak and Szymanska, 2014; Schumacher and Duan,
2020). However, there are plenty of drawbacks to the consequences of urbanisation. It is
estimated that the decrease in green areas caused by the expansion of cities will not only be
limited to in city itself but will also cause a decrease in green arable land (Tan et al., 2005).
Bren d’ Amour et al. (2017) have stated that the expansion of urban areas will cause around
2 per cent of cropland in the world will be lost in 10 years. Outcomes of urban expansion

and eventually loss of green space cause various damages to cities in terms of the



environment, such as the increase in urban temperature, decrease in air quality, and

reduction in biological diversity (Bilgili and Gokyer, 2012).

The underlying reasons for the reduction of UGS fields both human related and originating
from nature. Natural disasters such as erosion, flood and drought also cause a severe
reduction of green areas in cities (Yang et al., 2019). Minimising the negative impacts of
natural disasters in cities is directly related to the increase in the presence of green zones,
and natural disasters threaten the continuity of green areas (Chunyan et al., 2016). On the
other hand, green areas diminish or even eliminate the destruction caused by disasters
(Jeong and Yoon, 2018). Kim et al. (2016) suggested allocating resources for developing
green spaces in cities and that these efforts should identify the ideal locations to establish

UGS to prevent flood damage.

Provided that the green areas in the city are well protected, they significantly contribute to
biodiversity. At a first glance, although it is thought that urbanisation will lead to a decrease
in green land in that region and negatively affect biodiversity, a well-maintained green area
continues to contribute to the continuity of fauna and flora in that region (Goddard et al.,

2010).

For example, in Sheffield, private green spaces in urban are home to more plant and animal
species than rural green spaces (Gaston et al., 2005). Moreover, public UGS, particularly
semi-natural and human-made green areas, such as city parks, can offer new living spaces
to living things because of their different soil structures from the surrounding areas. These
places offer living things a unique habitat opportunity. For instance, there is not much
difference between tropical forests, arctic tundra with no urbanisation and the Central Park

in downtown New York in terms of underground biodiversity (Ramirez et al., 2014).

However, the lack of UGS causes serious problems. There is an anthropogenic temperature
rise with heat flow from buildings, people, and trees toward the city, especially in areas
where built-up are concentrated (Bassett et al., 2016). For instance, urban areas in the UK

are up to 7 °C hotter than the nearby countryside (Wilby, 2003).

In addition, the evolution of impermeable areas from vegetation or plains has led to the
formation of harmful environmental circumstances such as urban heat islands (UHI) (Xu et
al., 2009). UHI is a representative occurrence of urban climate change according to
numerical indicators, defined as an increase in air temperature, especially in certain parts of

cities. The UHI effect is one of the leading causes of the global climate change problem
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(Masson et al., 2020; Santamouris, 2018). Nonetheless, UGS decreases the heat storage in
cities compared to concrete structures because vegetation boosts urban albedo, and
vegetated areas have a lower temperature than artificial features with the same albedo
(Shashua-Bar and Hoffman, 2000). Therefore, increasing the amount of grassland in urban

areas can significantly contribute to lowering the UHI (Armson et al., 2012).

Besides that, UGS contribute a great advance to the prevention of air and water pollution.
Air pollution in urban areas is up to 25 times higher than in nearby rural districts (Heidt and
Neef, 2008). Nonetheless, green areas create less gas emissions compared to built-up areas,
positively affecting the city’s air quality (Semeraro et al., 2021). UGS may significantly
contribute to a city’s infrastructure by enhancing water quality and mitigating runoff (Zhang
et al., 2012). Mukherjee and Takara (2018) stated that urban water is improved in both
quality and quantity by green space by retaining runoff and increasing ground recovery.
However, all these environmental benefits of UGS are possible when they are in the right

location and when its spatial expansion is planned.

2.1.2. Health Effects

Although the positive effect of the presence of green space on human health is a
phenomenon known throughout history, the reasons behind this situation were not
sufficiently understood until the 2000s. They could not be revealed meaningfully due to
insufficient scientific evidence and method (WHO, 2016).

Green spaces have a variety of benefits for both physical and mental health (Ridgley et al.,
2020). Open green spaces contribute to people’s well-being by providing a location for city
residents to rest, interact socially, and engage in physical activity (Shanahan et al., 2015).
Gascon et al. (2016) estimated a negative correlation between green space amount and the
risk of death from heart disease. Due to the opportunities offered by public parks for
physical activity, public green spaces positively contribute to the prevention of obesity
(Lachowycz and Jones, 2011). In addition, Twohig-Bennett and Jones (2018) stated that the
blood pressure and cholesterol values of people with more green areas around and exposed

are healthier.

Furthermore, UGS also has a positive effect on people’s mental health. Andrusaityte et al.
(2020) found that each hour spent by children aged 4-6 in parks reduces their risk of

experiencing mental problems. Green spaces also have a positive effect on the mental health



of adults. Astell-Burt and Feng (2019) stated that when people spend time in areas with

dense trees and grass, it reduces the likelihood of experiencing psychological problems.

Private gardens also contribute to human health, especially mentally (Dennis and James,
2017; Soga et al., 2017). The inability to go to open spaces due to the conditions created by
COVID-19 has increased the impact of private gardens on human health (Lehberger et al.,
2021). Spending time in their domestic gardens during lockdowns implemented to prevent
the spread of the COVID-19 pandemic has increased their physical and well-being and
reduced the anxiety caused by the pandemic (Corley et al., 2021; Theodorou et al., 2021).
Darcy et al. (2022) stated that during the first national lockdown in the UK (23 March-18
June 2020) after the Covid-19 pandemic emerged in the UK, spending time in a private

garden while people must spend time at home benefits physical and cognitive health.

However, contrary to all these positive contributions of green space in cities to the health
of humans and other living things, some aspects can cause serious health problems. For
example, pollen and epidemic-causing microbes can spread quickly in and around green
areas, primarily through flying creatures. As a result, diseases spread from vegetation to
urban living areas and can reach a situation that can harm considerable populations. To take
proactive measures before severe health risks, which can threaten human life, occur, the
locations, distribution and contents of green areas must be determined meticulously, and
their persistence must be ensured (Lohmus and Balbus, 2015). In addition, Collins et al.
(2020) suggested that a measure of green space quality should be established using existing
geospatial data to reveal the relationship between green spaces and mental health more
clearly. Therefore, how green spaces are located and distributed within the city is vital for

a healthier society.

With the new methods developed and the ease of access to data on health and green spaces,
the scientific reasons for the positive effects of UGS to human health as well as, it will
enable more than today further research on the relationship between green space and non-
communicable diseases such as mental illness, stroke, obesity, type 2 diabetes, heart
diseases and cancer caused by stress load and lack of physical activity in many cases. These
diseases negatively affect physical and mental health and influence individuals and states
economically and socially. Experienced health problems and treatment processes cause
individuals to avoid labour force activities, thus reducing employment and production. It
also imposes an economic burden on them and causes an increase in government health

costs (Shortt et al., 2014).



2.1.3.

Economic and Social Effects

Cities have become more attractive places for many people than the countryside. Today, the
number of people in cities is higher than ever before and it is thought that the tendency to
live in cities will continue in the future (United Nations, 2019). As of 2020, only 17.1% of
the population in the UK lives in rural areas, while the proportion of the population living
in cities is 82.9% (DEFRA, 2021). The economic and social opportunities offered by the
city are the main reasons for the migration of people from villages to cities. Ahern (2011)
has claimed that by the middle of the current century, seven out of ten people will live in
urban areas worldwide. Although this trend has led to discussions about whether many
opportunities for city life will be sustainable in the future, people’s demand for green space
will continue. In this respect, access to open green spaces and having a private garden are
critical socioeconomic aspects, particularly in city life (Coolen and Meesters, 2012).
However, not everyone has a privately owned green area. For example, 12% of households
do not have their own green space of their own in Great Britain, and the shortage is more
prevalent in some sociocultural and economic classes than in others (Office for National

Statistics, 2020).

Even if some green spaces outside the city have the same or similar physical characteristics
as urban living spaces, they cannot provide the social benefits of urban green spaces. Having
easily accessible green spaces in the city offers unique opportunities for people to socialize
and spend quality time (Havinga et al., 2020). Making the spatial evaluation of UGS will
positively contribute to the individuals who make up the society to gain the habit of living
together and mitigate the destructive effect of socioeconomic gaps (Hoffimann et al., 2017).
For this reason, it is significant where the public UGS will be located, their proximity to
dwellings, their accessibility, their number, and how their spatial distribution will be. The
fact that these parameters can provide the most benefit for the most people can be possible
by geospatial attachment of urban green areas from a multifaceted perspective. However,
more research are needed to compare the socioeconomic consequences of the spatial

relationships between open public green spaces and private gardens in cities.

To present dissimilarities between these two green space types more clearly, UGS need to

be assessed in terms of their social and economic effects.



2.2. Mapping Urban Green Spaces

Many approaches have been tried, developed, and employed to obtain information about
urban green spaces. Initially, from the 1970s to 2000, manual digitization of printed maps
and aerial photographs was the primary method to extract and interpret information for UGS
research (Jim,1989; Nowak et al., 1996; Spronken-Smith and Oke, 1998). In the following
years, with the increase in data accessibility and diversity, and more importantly, the cost-
effectiveness of digital image processing techniques that enable such data, manual methods

have been displaced by remote sensing science in UGS studies (Pu and Landry, 2012).

The development of remote sensing technologies has allowed it to obtain high-resolution
data for free. In this way, remote sensing has a remarkable place in city studies on green
spaces (Rosina and Kopeckd, 2016). Almost all studies on UGS require remotely sensed
geospatial data and processing methods to conduct their research. However, some studies
continue to use field research techniques on specific issues related to UGS (Hettiarachchi
and Wijesundara, 2017; Moon et al., 2018; Szilassi et al., 2020). At the same time, high-
resolution remotely sensed data has become more available. Therefore, the number of UGS
studies in which only remotely sensed data has been used as a source has significantly
increased last twenty years (Shahtahmassebi et al., 2021). Accordingly, remotely sensed
data has become the primary data source of UGS studies (Chen et al., 2018). Because of
this development, the data obtained from field surveys for UGS studies has largely been
replaced by very high-resolution (VHR) remote sensing images (Huerta et al., 2021).

The data sources in UGS studies are not only VHR images. Medium resolution satellite
images have been used in many UGS studies. For example, Yu et al. (2017) used 30-m
spatial resolution Landsat 5-TM and Landsat-8 OLI for UGS classification to calculate
cover fraction of vegetations and Jensen et al. (2004) used ASTER image to show the

relationship between urban forests and quality of life.

On the other hand, VHR data has become the most common source in UGS studies. For
example, Quckbird images have been used to map UGS in several studies (Lang et al.,2008;
Van de Voorde, 2017). Asmaryan et al. (2013) used approximately 2 m spatial resolution
WorldView-2 data to map street trees cause urban pollution and Nouri et al. (2018) used
WorldView-3 data to produce soil salinity map of UGS. In addition to that, aerial

photographs also one of the main sources in UGS studies and have been used for various



purposes, such as to measure of tree density in the city with calculation Normalized
Difference Vegetation Index (NDVI) and evaluating of green quantity in urban areas

(Franco and Macdonald, 2018; Liang et al., 2017).

In addition, active remotely sensed data are also preferred for UGS studies, particularly
airborne LiDAR technique is one of the common data sources in UGS mapping studies with
the advantage of ability of producing height information of vegetation (Caynes et al., 2016).
LiDAR sensors can generate precise information on the vertical composition of vegetation
within UGS using pulse with wavelength. While LiDAR data used as an only data for some
UGS mapping studies, such as for mapping trees on the wayside (Tanhuanpéa et al., 2014)
and habitat suitability for vegetation (Cheng et al., 2017), some studies were conducted by
using combination LiDAR with high-resolution images, such as estimation of tree canopy

cover (Parmehr et al., 2016) and tree species detection (Tigges et al., 2013).

All these studies, which are carried out using different data types and techniques, are almost
entirely only about public open green spaces. However, private green spaces constitute a
considerable part of UGS in many countries (Goddard et al., 2010). Although domestic
gardens are the most significant part of UGS in the UK, there are very few studies on private

green spaces about the UK (Mathieu et al., 2007).

Gaston et al. (2005) conducted one of these studies to analyse the geometric, volume and
associated attributes of private gardens in Sheffield, UK. They used two different
approaches for this purpose. Firstly, dwellings were selected randomly from Sheffield
digital maps, and private gardens were determined by using grid references of the midpoints
of these dwellings. Subsequently, they defined it as dwellings and private gardens belonging
to the dwelling through quadrat areas of 100 m. However, Gaston et al. (2005) stated that
both approaches are insufficient to distinguish whether the type of use of the areas is private
or not and cannot separate the pavements, other concreted areas or temporary sheds,
greenhouses, and similar structures from the private garden. Therefore, the geospatial and
content properties of the private green spaces in the city could be determined, through
information obtained by telephone survey. There are also studies that identify private green
spaces only using remotely sensed data. For example, Mathieu et al. (2007) calculated the
distribution of the private garden in the study area using the object-based classification
technique. After classification using IKONOS satellite images, the UGS in the residential

area were visually classified according to the vegetation content. Then, training samples
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from these classes were selected and the distribution of private UGS was calculated with
the supervised object-based image analysis (OBIA) approach. However, the approach
chosen by Mathieu et al. (2007) was based on visual interpretation relying on their
experience although the detection of private UGS was determined by its spatial relation to
residential areas. In addition, quantitative geospatial analysis did not use for private UGS

detection. Nevertheless, the approach has the advantage of high accuracy and speed.

2.3. Image Classification in Urban Green space Studies

Classification approach is one of the most preferred methods in UGS studies
(Shahtahmassebi et al., 2021). LULC classification for the detection of green areas in cities

is carried out by pixel-based or object-based classification methods (Kwan et al., 2020).

2.3.1. Pixel-Based Classification in Urban Green Space Studies

Traditional pixel-based classification algorithms are insufficient for acquiring information
about urban vegetation because of the high spectral diversity in the cities (Shojanoori and
Shafri, 2016). However, the pixel-based classification technique has been used in some
studies on UGS. For instance, Liu and Yang (2013) extracted vegetation cover in the urban

area successfully using a supervised pixel-based classification technique.

On the other hand, the results can be lower accurate in UGS studies with pixel-based
classification. Taubenbdck et al. (2012) misclassified some small gardens as residential

areas, result of pixel-based classification using RADAR data.

OBIA approach outperforms pixel-based classification in terms of detecting grassland,
urban forests, and tree species because it combines shape, colour and spatial feature
information to segment pixels and classify objects (Li et al., 2010). Shackelford and Davis
(2003) tested whether the pixel-based or object-based classification technique outperforms
the classification of urban using high-resolution IKONOS images. They found that the
object-based classification of trees and grasslands was approximately 11% more accurate

than pixel-based classification.
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2.3.2.

Object-Based Image Analysis in Urban Green Space Studies

The OBIA method has been used in many UGS studies. The OBIA approach allows for the
extraction of comprehensive data about various objects in urban due to its capacity to use

high-resolution data effectively (Giil¢in and AKPINAR, 2018).

The data sources in OBIA method are mainly unmanned aerial vehicle images, airborne
LiDAR, and image data WorldView-2, GeoEye, QuckBird and IKONOS satellite images
(Ma et al., 2017b). However, the number of UGS studies which used spatial resolution of

less than 1 m is very limited (Vigneshwaran and Vasantha, 2021).

The OBIA method was preferred for many different studies, such as green mapping of the
city (Shekar and Aryal, 2019), index development for UGS quality (ThiLoi et al., 2015),
urban green volume calculation (Huang et al., 2013). Consequently, OBIA has become a
common approach, replacing the traditional pixel-based classification method (Blaschke et

al., 2014).

2.4. Summary of Literature Review

Although many techniques and data sources are used to map UGS, there is less research in
some study fields. The number of studies on the distribution of trees in the city and the
public and private green space are very few compared to other subjects. Especially although
private gardens are represented by a significant number of pixels in VHR images, is one of
the compelling reasons that only a few studies have been done so far in this research area
(Mathieu et al., 2007).

Urban green spaces must be sustainable together with the cities they are a part of for their
advantageous effects on their environment to continue and function effectively. However,
this can only be possible with more and better studies in these areas, an issue where many
different fields of study intersect. To create more liveable urban living spaces, identifying
green spaces in the city and identifying these areas in terms of open or private has a vital

role in ensuring the effective management and sustainability of UGS.

There are many studies in the literature on UGS. Various data sources and techniques have
been applied in these studies. In general, it can be said that higher accuracy results will be
obtained when using remotely sensed data with higher spatial resolution. There is a trend

of using the OBIA method rather than the pixel-based approach in the classification studies.
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Many UGS classification studies have been carried out using the OBIA method. Both
techniques have advantages and disadvantages compared to each other. However, for urban
mapping research using high-resolution imagery, the object-based classification system is

better than the conventional per-pixel classification methods.

In UGS studies where remote sensing technique is used, UGS mapping studies are mostly
encountered. The subject of mapping of green spaces in urban areas is more common than
species mapping, biomass and carbon studies and change detection analyses in which UGS
are selected as the subject of study. Although there are many studies in the field of UGS
mapping, there are very few studies on private gardens, which are a critical part of the urban

ecosystem. Therefore, more studies on private gardens are needed.

Within the scope of this research project, it has been decided that using the OBIA approach
with the LiDAR-derived DEM and vertical aerial photographs belonging to the city of
Southampton is the most appropriate materials and method following the purpose of the

research project.
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3. METHODOLOGY

This chapter aims to describe the approach used in this project. In section 3.1 the
methodology will be introduced with the main lines. In section 3.2 and 3.3 the study area
and dataset will be explained, respectively. In the following sections of the chapter, it will
be described how the results are produced by using which approach for the study area and

how the validation of these results is carried out.

3.1.0verview

The workflow of the project is shown as a flowchart in Figure 3.1.

Throughout the study, three different software were used for various purposes. The pre-
processing required for the downloaded data to be suitable for object-based classification
was carried out in ENVI 5.6 and ArcGIS software. The classifications were made using
eCognition Developer 9. The accuracy analyses of the classifications, mapping the
distribution of trees and determining and visualising the distribution of public and private

green spaces in the study area was carried out using ArcGIS Pro.
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Figure 3.1 Overall flowchart of the study

14



3.2.Study Area

Initially, the study area was first selected as six five-by-five km national grid tiles (Figure

3.2), which covers the area of the city of Southampton. These grid tiles are SU3INE,
SU3ISE, SU4INW, SU41SW, SU41NE and SU41SE. The available data (Table 3.2) in
these tiles were downloaded from the Department for Environment Food & Rural Affairs

(DEFRA) survey data

download

(https://environment.data.gov.uk/DefraDataDownload/?Mode=survey).
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Legend
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Figure 3.3 The study area

Thereafter, the study area was decided as overlap area (Figure 3.3) of mosaicked available
the recent datasets, which are 2019 vertical aerial photographs and 2018 Time-Stamped
DSM and DTM. The study area of this project is approximately 34.07 km? and consists of
various urban features such as docks, residential buildings, industrial areas, public and

private green spaces, water, railway, highway, parking lots.

Table 3.1 Grid tiles of the study area consists

Percentage of
Tile Name the Study Area
SU3INE 0.71
SU31ISE 44.16
SU41SW 51.16
SU4INW 3.97
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The study area, which is formed after the data is obtained and pre-processed, contains data of
four different grid tiles. Table 3.1 indicates what percentage of the study area is at which grid
tile.

3.3.Dataset
The input data of this research project consists of high spatial aerial images and DSM and DTM
data derived from LiDAR data (Table 3.2). Also, for the validation of the analyses, vector data

were used which are, Ordnance Survey (OS) Open Green space, OS Master Map-Green space

Layer, building locations from OpenStreetMap (OSM) (Table 3.6).

Table 3.2 Input datasets of the project

Format
Data & Year Source
Resolution

ECW Format — Raster
Vertical Aerial
Photographs 20 cm spatial resolution 2019

8-bit unsigned

Aerial Images

GeoTIFF Format — Raster
CASI Multispectral

Imageries 1 m spatial resolution 2013
The Environment

16-bit unsigned Agency

Time-Stamped Digital
Surface Model (DSM) GeoTIFF Format — Raster
Airborne LiDAR ' ' 2014 & 2018
Digital Elevation 1 m spatial resolution

Models (DEM) Time-Stamped Digital 32-bit float
Terrain Model (DTM)

Data are shown in Table 3.2 were downloaded as separate ZIP files for each of the five-by-

five km national grids that cover the study area.
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In post-classification analyses, the data shown in Table 3.6 were used to validate the outputs

produced as a result of processing the input data.

3.3.1. Aerial Images

The latest produced one among the input datasets are vertical aerial photographs. The
images were acquired via a high-resolution camera positioned under the aircraft to obtain
reflectance data in the red, green, blue and near infra-red spectrum on 22/08/2019. The
dataset consists of orthorectified, using simultaneous GPS and LiDAR data, vertical aerial
photographs in ECW (Enhanced Compression Wavelet) format 20 cm spatial resolution as
four spectral bands, NIR bandwidth is 780-880 nm, each corresponding to OS one-by-one
km grid tile (Environment Agency, n.d.). These data consist of 67 files in total (Table 3.3).

Table 3.3 Number of files of vertical aerial imageries based on the tiles

Ordnance Survey Number of

5 by 5 km Tile Name | ECW Files
SU3INE 2
SU31SE 21
SU41NE 1
SU41INW 3
SU41SE 19
SU41SW 21
Total Number of Files 67

Another high spatial resolution data used in the study are the images captured on 09/07/2013
with CASI (Compact Airborne Spectrographic Imager) 1500 push broom sensor. These are
in GeoTIFF format with 1 m spatial resolution consisting of 22 spectral bands (Table 3.4)
and projected based on the British National Grid coordinate system. Each file contains
mosaiced images covering five-by-five km tiles. That is, data of each tile is available as
single raster data. Besides this raster data, vector data in shapefile format that cover the

same area is also available in the same file.
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Table 3.4 CASI Multispectral Imagery Bands

Band Number Waveband Centres (nanometres) Spectral Region

1 3943

2 442.0

o w3 [ BWE

4 512.4

5 555.2 GREEN

6 576.7

7 596.9

8 611.2

9 624.3

10 642.2

oo ee4 | RO

12 674.3

13 685.0

14 692.2

15 701.7

16 711.2

17 748.1

18 799.3

19 854.1

20 879.1 Near Infrared
21 959.0

22 1007.9

3.3.2. Digital Elevation Models

DSM and DTM data were used to get the height information. While selecting the most
pertinent DEM data for the project, the footprints of the DEM were checked, starting with
the data produced most recently to aerial images. Attention was paid to selecting the DEM
data, which contained the much available data and was produced close date with aerial
images and has a common footprint. Consequently, 2018 time-stamped DTM and DSM
data were selected for use with the 0.2 m spatial resolution 2019 vertical aerial photographs,
and 2014 time-stamped DTM data for use with the 1 m spatial resolution 2013 CASI
multispectral image.

DEM datasets of 2018 and 2014 consist of single band raster models with 1-meter spatial
resolution derived from point clouds obtained by the airborne LiDAR surveying technique
performed by Environmental Agency teams between October of the previous year and April
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of that year. These are in GeoTIFF format and have +/- 15 cm root-mean-square error. The
data of the five-by-five km grid tiles consists of ZIP files containing the data of not only
one-by-one km OS grid tiles like vertical aerial photography but also two-by-two grid as
well. However, all DEM in five km grid tiles files have 1-meter spatial resolution regardless
of the size of tiles.

The DEM data (2018) used in this study are the DSM and DTM data produced using the
point cloud data obtained by airborne LiDAR technique with the flights carried out on the
1t and 2"¢ of February 2018. These data were produced on 12/04/2018 and made available
on 04/12/2019. Also, the DEM data (2014) obtained with same procedure flights on
29/03/2014 and 31/03/2014. The data produced on 08/04/2014 and made available
04/12/2019. The number of files of DEM data is shown in Table 3.5 for each 5 km grid

tiles.

Table 3.5 Number of DEM files used in this study

DEMs - 2014 DEMs - 2018
Ordnance Survey Number of Ordnance Survey Number of
5 by S km Tile Name TIFF Files 5 by S km Tile Name TIFF Files
DSM DTM DSM DTM

SU3INE 10 5 SU3INE 5 5
SU31SE 16 8 SU31SE 8 8
SU41NE 4 2 SU41NE 2 2
SU4INW 7 4 SU4INW 4 4
SU41SE 8 4 SU41SE 3 3
SU41SW 16 8 SU41SW 8 8

Total Number of Files 92 Total Number of Files 60

3.3.3. Reference Data

Vector data in shapefile format produced by OS were used to determine the accuracy rates of

the results of classification of the input data. One of the reference data is OS MasterMap Green

Space-Layer data. The dataset was produced on 21/09/2021. The current version used in this

study is October 2021 version. This data is on a scale of 1:2500, each corresponding to a five-
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by-five km grid size. Locations of all public and private green spaces in the study area are

available in the dataset. In this study, the data was used for private green space validation. The

other data is OS Open Greenspace vector data. The latest available version of this data, updated

in April 2022, was used in this study. This 1:25000 scale data includes open/public green spaces

in the city. For building location weekly updated OpenStreetMap Planet.osm building layer

were downloaded from bbbike.org. GB National Grid Squares data comprised by 1, 5, 10, 20,

50 and 100 km national grid squares layers in British National Grid coordinate system. In the

scope of this research, 5 and 1 km grid tiles were used.

Table 3.6 Reference data used in the study

Format
Data Purpose of Use & Year Source
for this Study Resolution

OS Master Map Private 1:2 500 October 2021

Greenspace — Layer Green spaces Shapefile — Vector
OS Open Public/Open Green 1:25 000 April 2022 d
GreenSpaces Map space Shapefile — Vector Ordnance Survey
OS GB National Grid Border 1:250 000 December 2012
Grid Squares Shapefile — Vector
OpenStreetMap Building Locations Vector August 2022 Planet OSM
Planet.osm

3.4. Data Pre-Processing

As a first step, one-by-one km grid DSMs and DTMs were mosaicked separately to

acquire five-by-five km grid DEM data. Then, these mosaicked DEM of five km tiles data

were mosaicked and exported to acquire DSMs and DTMs of the study area. This process

was carried out using the seamless mosaic tool in ENVI 5.6 software based on the bilinear

interpolation resampling method.
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In order to obtain the height data of the objects, the DTM data expressing the earth's surface
height was subtracted from the DSM, which shows the height of the objects or terrain
surface. DSM was created from the first return LiDAR pulses by producer, which can be
reached any objects or directly earth's surface without touching an object. The result of
subtraction is called normalised DSM (nDSM) and represents the object's actual height as
it refers to the height of objects from the ground surface. In the next step, it was observed
that there were values below zero in the nDSM data. Then, these noise cells were removed.

These processes were executed using the raster calculator tool in ArcGIS software.

In the next step, the ECW files which each one of them correspond one 2019 vertical aerial
photograph were mosaicked. The data were first mosaiced in ENVI 5.6 using a seamless
mosaic tool based on nearest neighbour resampling method to create an image of five-by-
five km grid tile areas. Afterwards, these six grid tiles images were mosaiced in the same

way, and 2019 vertical aerial photography was obtained as a single TIF file.

Subsequently, 2018 nDSM was georeferenced into the British National Grid coordinate
system using 2019 vertical aerial photography, and 2014 nDSM was georeferenced using
the 2013 CASI multispectral imagery with the define projection tool in ArcGIS Pro
software. 2018 nDSM data were resampled to obtain same resolution LiDAR and aerial
image data, using the resample tool in ArcGIS software according to the bilinear method.
Thus, DEM and aerial imagery with 0.2 m spatial resolution for 2018/2019 and 1 m spatial
resolution for 2013/2014 were obtained.

In the final stage of pre-processing, using the extract by mask tool in ArcGIS Pro software,
non-overlap areas of 2018 DEM and 2019 vertical aerial photography data were extracted
from each other. The same process was applied to the 2014 DEM and 2013 CASI
multispectral imagery. Thus, the pre-processing phase was completed, and the datasets were

set for segmentation, which is the first stage of OBIA.

3.5. Segmentation

Image segmentation is a technique for dividing an image into objects based on homogeneity
(Pal and Pal, 1993) and the essential and critical step of OBIA (Blaschke et al., 2008). The
accuracy of object-based classification largely depends on the image object's precision, also
called a segment (Mountrakis et al., 2011). There are two main principles of image

segmentation, top-down and bottom-up, respectively, depending on whether the recorded
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object representations are used in segmentation or not (Borenstein and Ullman, 2008). In
the eCognition software, four types of top-down segmentation algorithms are offered to the
user, namely chessboard, quadtree-based and contrast filter and contrast split segmentation
algorithms. While producing rectangular segments with chessboard and quadtree-based
algorithm, the contrast filter and the contrast split algorithms are suitable for studies where
contrast difference is the determining feature in classification. Therefore, top-down
segmentation algorithms were not chosen to segment the data for this study. Multi-
threshold, spectral difference and multiresolution segmentation algorithms are presented to

the user as bottom-up algorithms (eCognition Developer, 2014).

In this project, the multiresolution segmentation (MRS) method was applied. MRS has been
the most common and one of the most successful image segmentation algorithms
(Witharana and Civco, 2014). Moreover, MRS performs strongly to segment vegetation

bodies (Munyati, 2018).

MRS combines neighbouring pixels with similar colour, shape, and texture properties to
create homogeneous image objects (Baatz, 2000). This process occurs through three
parameters: shape, compactness, and scale. The shape value expresses the textural
homogeneity of the result image objects. It is calculated by the sum of the smoothness and
compactness values of the possible image objects to be formed a result of segmentation.
According to the shape parameter value determined for segmentation, image objects with
optimum smooth border and overall compactness values are created from pixels. Colour
and shape values are inversely proportional to complement each other and affect the
segmentation process. For example, if the shape value is 0.9, the colour effect on the
segmentation, that is, the effect of digital numbers (DN), will be 0.1. If the shape value is
selected as 0.5, the pixels will be segmented as image objects with equal weights of colour
and shape (Definies, 2007). However, the scale parameter is considered the most crucial
parameter in segmentation because it controls the average object size (Lowe and Guo,
2011). Smaller scale parameter value, a higher number of objects (Laliberte and Rango,

2009).

The segmentation processing time of the entire study area takes a long time due to the size
of the dataset. To save time and get more effective results, test areas (Figure 3.4 and 3.5)
comprised by public and private green spaces and residential zones were selected from both

data sets.
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Figure 3.4 Test area from 0.2 m spatial resolution image for segmentation process
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Figure 3.5 Test area from 1 m spatial resolution image for segmentation process
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These test areas were segmented using the “Automated Estimation of Scale Parameter Tool
(Automated ESP)” , aka ESP-2 tool developed by Dragut et al. (2014) to use in eCognition
software. With ESP-2 tool the scale parameter (SP) is determined for multiresolution

segmentation of more than one layer.

Each layer, each of the aerial image spectral bands and nDSM data for this study, was
iteratively segmented according to multiresolution segmentation. In this iterative process,
the SP value increases constantly. The iteration is terminated if the average local variance
of the layers in a SP value is lower or equal to the previous scale. This SP is assigned as
level one, two or three based on the order. According to this algorithm, three levels of

optimal scale are determined for the area to be segmented (Dragut et al., 2014).

To choose the optimum SP, parameters were kept as default while using the tool as
suggestion of Dragut et al. (2014), except shape and compactness. Shape and compactness
values range between 0.1 and 0.9 (Definienns, 2007). The tool was performed with shape
and compactness values of 0.1, 0.5 and 0.9 of input datasets, firstly, for vertical aerial
photography and 2018 nDSM, then for CASI multispectral image and 2014 nDSM as nine
different combinations. The SP values and the number of objects resulting from the SP
estimation are obtained for three different levels (Table 3.7 and 3.8, Appendix 1 and 2). The
results were analysed whether each real object was segmented as a separate object. For
example, attention was paid to whether the road, private gardens, buildings, and open green
spaces are separate image objects. As a result, it has been observed that the Level-2 results
(Figure 3.6 and Table 3.7) for the 0.2 m resolution dataset and Level-3 SP values for the
lower spatial resolution dataset consist of a suitable number of image objects for the purpose

of the study (Figure 3.7, Table 3.8).

Table 3.7 Estimated scale parameters and number of objects for 0.2 m resolution data (Level 2)

Compactness Shape Scale Parameter | Number of Objects Figure
(0.1-0.9) (0.1-0.9)
0.1 0.1 113 55 Figure 3.6 (a)
0.1 0.5 174 22 Figure 3.6 (b)
0.1 0.9 87 18 Figure 3.6 (c)
0.5 0.1 128 52 Figure 3.6 (d)
0.5 0.5 138 37 Figure 3.6 (e)
0.5 0.9 76 39 Figure 3.6 (f)
0.9 0.1 123 56 Figure 3.6 (g)
0.9 0.5 138 39 Figure 3.6 (h)
0.9 0.9 61 73 Figure 3.6 (i)
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Figure 3.6 Segmentation result of the 0.2 m spatial resolution (Figure 3.4) data

Figure 3.6 (e) shows the most appropriate segments among these nine segmentation
combinations and the SP value is 138. While compactness is 0.9 and shape is 0.5, the
obtained SP value is also 138, however the number of objects is different (Figure 3.6(h)).
Number of objects could be different for the same area with same scale parameter values
(Table 3.7). While choosing the SP, shape and compactness values for segmentation, results
were evaluated visually. The values at which the most suitable segmented image was
obtained were selected for the purpose of the study. For 0.2 m spatial resolution data, scale
parameter 138, shape and compactness values selected as 0.5 (Figure 3.6 (e)), because
according to aim of the project, each dwelling should be segmented as a different image

objects. Also, trees must be segmented different from other vegetation.
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Figure 3.7 Segmentation result of the 1 m spatial resolution (Figure 3.5) data

For the 1 m resolution dataset, compactness 0.9, shape 0.5 scale parameter 324 (Table 3.8),
which distinguishes real objects from each other and is a significant number of objects for
classification, is selected. As seen in the figure (Figure 3.7), when shape parameter selected
0.9 regardless the value of compactness, the segmented images relatively similar than other

shape values’ results, and block of dwellings comprised by only one or a few image objects.
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Table 3.8 Estimated scale parameters and number of objects for 1 m resolution data (Level3)

Compactness Shape Scale Parameter | Number of Objects Figure
(0.1-0.9) (0.1-0.9)
0.1 0.1 326 142 Figure 3.7 (a)
0.1 0.5 212 214 Figure 3.7 (b)
0.1 0.9 404 7 Figure 3.7 (c)
0.5 0.1 297 179 Figure 3.7 (d)
0.5 0.5 226 177 Figure 3.7 (e)
0.5 0.9 402 6 Figure 3.7 (f)
0.9 0.1 276 209 Figure 3.7 (g)
0.9 0.5 324 85 Figure 3.7 (h)
0.9 0.9 291 18 Figure 3.7 (i)

3.6. Object-based Image Classification

Assigning a class to the image objects can be done with two different approaches: nearest

neighbour (NN) and membership function, alias rule-based classification (Myint et al., 2011).

Firstly, supervised NN classifier method tested on the study area using the recent, higher
resolution data. While samples were selecting, UK national land use and land cover (LULC)
classification report prepared by Harrison (2006) was followed. According to the report, public
car parks, roads, railways, airports, and docks are a part of the transport land use class. For this
reason, these objects are accepted as belonging to the road class as assets that part of the same

LULC class during classification and accuracy assessment.

NN assigns class to segments based on the similarity of selected samples (Hodgson et al., 2003).
However, the accuracy of the classification depends on the characteristics of the samples, which
are the main disadvantage of this approach. Also, in the segmentation and classification of the
study area directly, only the segmentation process took hours. Nevertheless, greenspaces could
be classified as private and public directly from supervised classification based on training
samples, so that UGSs would be classified as private and public without the need for post-
processing. However, the result obtained in this case would not be independent of personal
interpretation and subjectivity. Furthermore, the successful implementation of such an approach
would be valid in cases where classification was made by someone who has knowledge of the

study area and public and private greenspaces could be separated by visual interpretation.

In addition, to develop a standard methodology to be used in the mapping of green areas in the
city with the OBIA technique, instead of subjectively selecting and classifying training samples

depending on the user, a rule-based classification method was preferred with high applicability
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for different data sets by creating a ruleset. Rule-based approach enables user to examine the
spatial and spectral characteristics of segments when defining the class rule conditions (Xu,
2013). However, which classification results will be used to separate the green areas in the city
was decided by comparing the overall accuracy and kappa values of the supervised and rule-

based classification results.

Figure 3.8 True colour image of the test area for 0.2 m spatial resolution data

Secondly, the test area has been selected based on consists of similar features as the study area,
such as residential and industrial non-residential buildings, river, roads, railway, stadium,
public car parks, docks, trees, private grassland (Figure 3.8). Then, ruleset approach was carried
out on the test area of finer resolution dataset two times. Two different rule sets and classes
(Figure 3.9 and 3.10) were chosen based on trial-and-error base to decide the most appropriate

onc.
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Figure 3.9 First Ruleset of Rule-based Classification

NIR-RED

NDVI = m (Equatlon 1)
GREEN-NIR .
NDWI = m (Equatlon 2)

While determining the rulesets, it is planned to separate vegetation from non-vegetation areas
in the first stage. For this purpose, the Normalized difference vegetation index (Equation 1),
proposed by Rouse et al. (1974), was used. NDVI ranges between -1 and 1. Positive values
represent vegetation, and increasing positive values indicate an increase in the amount of green

(Chuai, 2013).

Afterwards, image objects that were not classified as vegetation were divided into water and
both water and others according to the NDWI formula (Equation 2) proposed by Gao (1996).
Although positive NDWI values indicate whether a place has water features, NDWI values of
image objects in the test area were examined before set the threshold NDWI value. It was
observed that NDWI values of some non-water features between 0 and 0.4. Then, NDWI

threshold selected 0.4 to detect water features.

While the vegetation class is divided into grassland and tree, when the nDSM values of

vegetation objects that do not include trees are considered, the height threshold value was

decided 0.6 m.

In unclassified objects remaining after classification of water and vegetation, it has been

observed that places with relatively lower brightness values are commonly roads since the roads
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are in shadow in the test area. Objects with a brightness value below 120 were classified as
roads. The brightness value is calculated as the average of the digital number (DN) values of
the spectral bands (eCognition Developer, 2014). In this case, red, green, blue and NIR bands

of the 0.2 m spatial resolution data.

In the next step, the buildings were classified into two different classes, residential and non-
residential, according to their height and spectral information using the brightness and the
nDSM values. It has been observed from the image that the remaining unclassified objects are

part of mainly in construction sites. Then, these objects were classified as a construction sites.

Since residential areas occupy much less space than the real situation and are represented by
only two reference points out of 100, and only one of them has been correctly classified
(Appendix 4), a new ruleset has been determined (Figure 3.10). It is necessary for the aim of
the study because the residential area class will be the most decisive parameter in separating
the public and private areas.

nDSM 206 m

nDSM < 0.6 m

NDV!

<0

|. » .
NDWI 2 0.4 _— Yes —r ‘a—er

NDVI<-06 _— yo —L P

I Mo

Non -Residential

f Buildings
Roads
wd -
ensity <2 m
Density 2.1 No
Y - _— Yes —|_’
nDSM > 2m

I~ Ne

l——————>» Non-Vegetation

—L _r— Yes
Densny>21 Ne

]

..

Figure 3.10 Second Ruleset of Rule-based Classification

To set different ruleset for OBIA, vegetation and non-vegetation areas differentiate each other
with same rule with NDVI because these areas were classified relatively higher accurate than
others, especially grassland (Appendix 4). However, to assign water class NDVI and NDWI
values were used together, particularly to classify wetland area more accurate. Later,

unclassified image objects classified as non-residential areas initially with using height (nDSM)
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and brightness values because non-residential areas can be differentiated other unclassified
parts particularly based on the object heights and brightness values. Then, roads class was
assigned based on nDSM and density values. Density shows the spatial distribution of pixels in
segments, it is calculated by dividing the image object’s area by average of the axes of ellipse
fitted to the segment (eCognition Developer, 2014). The reason of density value used for
assigning the road class is the horizontal shape of the roads, some image objects which depicts
roads have less density value than other segments. Once roads classified, unclassified segments
mainly show residential areas and height information was used to classify residential areas.
Lastly, rest of the image objects evaluated as shadow. As a last step, density threshold, which
has already used for assign roads class, was used to separate shadow regions water and roads.

Decided thresholds values shown in Table 3.9.

Table 3.9 Threshold values for Ruleset Classification

Threshold Value
Class (Mean Layer Value of Image Objects)
NDVI > 0 & nDSM < 0.6 m
Grassland
NDVI > 0 & nDSM >0.6 m
Trees
NDVI<0.6 & NDWI> 0.4
Water Density > 2.1 of Shadow Class
Brightness > 150  (8-bit data)
Non-residential nDSM>4m &
Brightness > 1200 (16-bit data)
nDSM <1 m & Density <2.1
Roads Density < 2.1 of Shadow Class
nDSM >2m
Residential
Classified Water and Roads based on Density Value
Unclassified = Shadow

Classification results of the test area are shown in Figure 4.1. Visually, second ruleset shows
better performance particularly for residential areas. However, accuracy assessments were

carried out to compare accomplishment of rulesets quantitively.
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To make accuracy assessment ArcGIS Pro software was used, classified image objects export
from eCognition to ArcGIS Pro. Then, 100 random points, which are at least 0.2 m apart from
each other to create at most one point for one pixel, created in the test area separately and
classified image converted vector to raster format. Then, closest to the date the data was
obtained from Google Earth image used as a reference data to make accuracy assessment. The

results are shown as error matrices (Appendix 3,4,5,6 and 7).

Lastly, same threshold values, except brightness value, were used for classification of coarser
resolution dataset on test area (Figure 3.11). While selecting the test area for the classification
of the 1 m resolution data set, attention was paid to ensure that it was an area with similar

features as the area in the other data set.

Because of the bit size difference of the datasets, brightness threshold selected higher which
was selected as 1200, except that the same threshold values (Table 3.9) were applied. The result
of the classification and the accuracy analysis are shown in (Figure 4.2, Appendix 5). For
accuracy assessment same number of points created but the minimum distance between two
points were set as 1 m instead of 0.2. Then, the match of these points in the most recent Google

Earth image to the CASI multispectral image were used as reference data.

Finally, classified data of the study area is needed to map distribution of the green space in the
study area. Therefore, same methodology was followed to classify the study area with using

finer spatial resolution dataset.
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Figure 3.11 True colour image of the test area for 1 m spatial resolution data

3.7. Separating Public and Private Urban Green Spaces

The classification results used in the green space analyses were produced as a result of rule-
based classification according to the ruleset which named in this study as ruleset-2 by using 0.2
m spatial resolution data. Firstly, the grassland and trees classes in this result are combined as
a single class as vegetation to validate green space classification before the step of separating

public and private green spaces in ArcGIS Pro.

For the accuracy assessment of residential areas, the reference data, the current OpenStreetMap
building location data (Table 3.6) was downloaded from bbbike.org and the residential areas
field in this data was used in the validation calculation. For green spaces, OS Master Map Green

space - Layer data downloaded from digimap.com is used as reference data.

In separating green spaces as public and private, it is decided according to the location of green
spaces relative to residential areas. Therefore, firstly, calculation of the classifications of

vegetation and residential areas are assessed.
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To define the green spaces in the study area before the analysis of the separation of public and
private green spaces, areas not defined as green space both in OS Master Map Green space —
Layer ve OS Open Green spaces reference data, where also nor publicly accessible neither
private green space status. These regions were manually eliminated if classified as trees or
grassland. Besides, OS Master Map Green space data includes “Beach and Foreshore” data as
well as green areas. These, the primary function of which is expressed as “Beach and Foreshore”

in the data, were extracted from the OS Master Map Green space — Layer data.

Although it is an accuracy assessment method to select random points and perform the accuracy
test of all LULC classes by taking only these points as reference data, there are also area-based
accuracy assessment approaches in OBIA (Khatriker and Kumar, 2018; Silver et al., 2019).
Accuracies of buildings and green spaces classified in this study were also calculated according
to how much area was classified correctly or incorrectly compared to the OpenStreetMap and

OS Master Map Green space Layer reference data for the study area.

Areas in which the feature is common in classified and reference data are called true positive
(TP), and in classified and reference data, the common areas of the area outside the feature are
called true negative (TN). Areas where the non-feature in the reference data is classified as
feature are called false positive (FP), and areas classified as non-feature from feature areas are
called false negative (FN) (Rutzinger et al., 2009). These values were calculated for residential

and vegetation areas by using intersect tool in ArcGIS Pro software.

Assessment was carried by calculating true positive rate (TPR), false positive rate (FPR), and
overall accuracies using TP, TN, FP and FN values (Equation 3 and 4). In this study, the TPR
value is an indicator of how likely the objects classified as vegetation or building are vegetation
or building on an area basis. FPR is the rate of misclassification by area of objects classified as

vegetation or building.
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Table 3.10 Confusion matrix of the study area rule-based classification

Reference Data
Positive Negative
Positive True Positive False Positive
Classified
Negative False Negative True Negative
- TP o FP .
True Positive Rate (TPR) = tropy  False Positive Rate (FPR) = —— (Equation 3)
TP+TN .
Accuracy = m (Equatlon 4)

Then, it was decided whether the green spaces should be public or private areas according to
the spatial proximity relationship between the residential and the vegetation areas. Therefore,
it is calculated whether the green areas closest to the residential buildings are concentrated in a
certain direction according to the dwellings, with the Euclidean direction tool in ArcGIS
software. As a result, it has been calculated that the green areas closest to the residential
buildings in the study area are not concentrated in a certain direction facing the dwellings

(Figure 4.10).

After it was determined that the green areas were not concentrated in a specific direction
according to the buildings, it was decided to calculate whether a green area be private or public
according to proximity to residential areas. By choosing the sequential threshold values of 10,
15, 20,25,30, 35 and 40 m, it is considered to classify the green areas as private and public. If
the green spaces are no further than the threshold distance from the buildings, they were

classified as private green space. Rest of UGS was classified as public green space.

To evaluate the accuracy of the calculated public and private fields, the extent to which the

calculated fields intersect with the reference fields was calculated by using the OS Open Green
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space map as public green space reference data and private garden field of the OS Master Map

Green space Layer with using intersect tool in ArcGIS Pro.

The accuracy of the threshold values for public and private green spaces was calculated as the
ratio of the overlap area of calculated UGS areas and reference data to the calculated UGS areas.

(Figure 4.11).

Consequently, the value that leads to the conclusion that the accuracy rate calculated using the
reference data for private and public green spaces is the closest to each other has been accepted

as the threshold value for separation public and private green spaces.

Afterwards, for the analysis of the distribution of public and private UGS in the study area,
same size the 25 km? SU31SE and SU41SW grid tiles, which constitute 95.32% of the study
area in total (Table 3.1), were compared to private and public green space presence calculated

using the threshold distances.

Finally, maps of distribution of public and private green space were produced for threshold
values and reference data (Figure 4.15 and 4.16). Trees in the study area was mapped in the
ArcGIS environment by using the point of gravity centres of image objects classified as trees

achieved from eCognition software (Figure 4.17).
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4. RESULTS

This chapter aims to present the results of the methodology followed with maps, charts,

tables, and numerical expressions.

In Section 4.1, the results of object-based image classifications performed with the
methodology followed in this study will be presented and the accuracy of these results will
be compared. The results of the calculated public and private green spaces and the

distribution of tree density will be evaluated quantitively and visualised in Section 4.2.

4.1. Object-based Classifications and their Accuracy Assessments

The overall accuracy and kappa coefficient values of the object-based classification of the test

areas and the study area performed in this project are shown in Table 4.1.

Overall accuracy is an indicator of how accurately the data is classified. Kappa coefficient
shows the agreement between the classification and the reference value and takes values
between 0 and 1. It is a numerical comparison of overall accuracy and random chance of
classification. The closer the Kappa value is to 1, the higher the agreement (Landis and Koch,
1977). There is no classification with a kappa value higher than 0.8, that is, with very good

accuracy.

When the same classification criteria (ruleset 2) applied, the overall accuracy of the test area is
10% higher than the study area for same resolution (0.2 m) image. Besides, the kappa
coefficients of the classifications are 0.78 for the test area while it is 0.66 for the study area. On
the other hand, the overall accuracy and kappa values are much lower in lower resolution data

(1 m spatial resolution) when classified with the same ruleset, 40% and 0.29 respectively.
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Table 4.1 Overall accuracy and Kappa coefficient values of OBIA classifications in this study

Supervised Rule-based Classification
Area . .
Classification
Ruleset 1 Ruleset 2
Test Area of 0.2 m Overall Accuracy: 75% | Overall Accuracy: 82 %
resolution data Kappa: 0.69 Kappa: 0.78

Test Area of 1 m
resolution data

Overall Accuracy: 40 %
Kappa: 0.29

The Study Area

0.2 m resolution data

Overall Accuracy: 67%
Kappa: 0.61

Overall Accuracy: 72%
Kappa: 0.66

With the rule-based approach, when the same area (Figure 3.8) was classified using different

numbers of classes and, more importantly, different ruleset, the second ruleset performs better.

For the test area of finer resolution data, the overall accuracy and kappa coefficient for ruleset

2 are 82% and 0.78, respectively, while these values are 75% and 0.69 when ruleset1 is applied

(Figure 4.1).

TEST AREARULESET 1

O Construction Site
@ Grassland

@ Trees

© Industrial Area
@ Residential Area
@ Road

® Water

TEST AREA RULESET 2

e o e
4

@ Grassland
@ Trees

© Industrial Area
@ Residential Area

@ Road
@ Water

Figure 4.1 LULC maps of the test area of 0.2 m spatial resolution data
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The lowest and highest accuracy among the classifications was obtained by using the "ruleset-
2" threshold values. The overall accuracy of test area of 1 m resolution data is 40% and the
kappa coefficient is 0.29. In addition, all residential area points in the reference data were
misclassified as trees. On the other hand, overall accuracy of the test area of 0.2 m resolution

data with applying the same ruleset is 82% and the kappa value is 0.78 (Table 4.1).

TEST AREA RULESET 2 (1m resolution)
‘ Y

Figure 4.2 LULC map of the test area of 1 m spatial resolution data

In this project, the study area's LULC map was produced with both supervised and rule-based
object-based classification, and the overall accuracy of the classification was 72% when the

rule-based approach was applied, and 67% in supervised classification (Figure 4.3).
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Figure 4.3 LULC maps of Supervised Classification (up), Rule-based (Ruleset2)
Classification (down)
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There are several reasons of misclassification. Atmospheric distortion is one of them. The

images show the true colour composite of finer resolution image and some of misclassified part

caused by distortions (Figure 4.4 and 4.5).

Figure 4.4 Atmospheric distortion example

Figure 4.5 Atmospheric distortion example caused by the cloud
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Shadows due to height differences caused different objects to be segmented as the same
image object, therefore these were classified as same class although they are different features

(Figure 4.6).

Figure 4.6 Misclassification caused by shadow effect

Port of Southampton covers a remarkable part of the study area. Some containers in this
complex structure with many different objects were classified as residential area due to their

spatial and especially spectral characteristics (Figure 4.7).
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Figure 4.7 Port of Southampton

There are many movable objects in the study area because of nature of cities. These objects,

which do not represent any LULC class, caused incorrect classification while generating the

LULC map (Figure 4.8).

Classified True Colour

Figure 4.8 Movable features in the study area
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According to the result of rule-based classification applied with ruleset 2 on the study area, 1.61
km? is classified as residential area although in reference data these are not part of residential
area. Nevertheless, the areas not part of the building are classified much more accurately than
buildings. While area of 1.05 km? classified as another class than the residential area, area

0f.30.85 km? is not a residential area as it is classified (Table 4.2).

Table 4.2 Confusion matrix of building features

Reference Data

Residential Area Others
Residential True Positive False Positive
Area (TP) (FP)
Classified 0.56 km? 1.61 km?
False Negative True Negative
Others (FN) (TN)
1.05 km? 30.85 km?

On the other hand, accuracy of green space extraction is higher than residential area. Area of

6.92 km? classified as green space, where is green space in the reference data as well. However,

1.59 km? green space is misclassified (Table 4.3).
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Table 4.3 Confusion matrix of green space (trees + grassland) features

Reference Data

Green space

Others

Classified

True Positive

False Positive

Green space (TP) (FP)
6.92 km? 2.24 km?
False Negative True Negative
Others (FN) (TN)
1.59 km? 18.71 km?

FPR values are relatively lower, which means although they are not dwellings zone nor green

space, however not many objects misclassified as residential area or green space. Despite this,

TPR value of residential area is lower because of many objects classified as different classes

than residential area although these are part of dwellings zone. However, most green space

correctly classified therefore the TPR of vegetation is high (Table 4.4).

Table 4.4 True Positive, False Positive and Accuracy rates of residential area and vegetation

features
Feature Residential Area Vegetation
Accuracy
True Positive Rate 0.35 0.81
False Positive Rate 0.03 0.11
Accuracy 0.92 0.87
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4.2. Private and Public Green Spaces and Tree Density

Green space in the study area consists of two type of properties which are grassland and trees

(Figure 4.9).

Figure 4.9 Grassland and tree separation

As a result of the Euclidean direction analysis carried out to distribute the green areas as
private and public UGS, it was found that the green area closest to the residences can be

distributed approximately equally to any aspect of the residence (Figure 4.10).
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Figure 4.10 Distribution of the green space closest to the dwellings according to the
directions in which direction it is
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The calculated public and private green spaces cover 3,859,157 m? (approximately 3.86 km?)
in the SU31SE, while in the SU41SW they cover 5,306,240 m? (approximately 5.31 km?).
These values correspond to 16.4% of the SU31SE and 21.2% of the SU41SW, 25 km? grid tiles.

As a result of separating these areas as public and private green spaces according to the

determined threshold values, it has been found that the private green space area for the SU31SE

grid can vary between 1.69 km? and 2.85 km?, and the public green space can vary between

2.17 and 1 km?. For the SU41SW grid, private and public green spaces take values between
2.65 and 3.96 km? and 2.66 and 1.35 km?, respectively (Table 4.5).

Table 4.5 Distribution of public and private green spaces in SU31SE and SU41SW grid tiles
for each threshold in square meter unit.

SU31SE Grid Tile SU41SW Grid Tile
Threshold
Value Private Public Private Public
Green space Green space Green space Green space
(m?) (m?) (m?) (m?)
10 m 1 690 422 2 168 735 2 651 607 2 654 634
I5m 1971 798 1 887 359 2980 878 2 325 361
20 m 2226 149 1 633 009 3242103 2 064 138
25m 2418 642 1440 515 3474 641 1 831599
30 m 2579 295 1279 862 3656 781 1 649 460
35m 2726 618 1 132 539 3 818265 1 487 975
40 m 2851418 1 007 740 3955037 1351 204
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Figure 4.11 The percentages of overlap of public and private green spaces to calculated areas
using threshold values

As the selected threshold value increases, the ratio of the intersection of the calculated private
green spaces and the reference data to the calculated area decreases, nonetheless it is the
opposite for public green spaces. In addition, the difference in accuracy values between
consecutive threshold values decreased when the threshold value increased until 35 m (Figure

4.11).

Accuracy is the highest when public UGS are defined as green areas at least 40 m from
residential areas, highest accuracy for private areas is in the first 10 m from residential areas
(Figure 4.11). As a result, a green space is more likely to be private if it is 10 m far or less from

a residential building, and public if it is 40 m or more away.

At a threshold value of 30 m, the accuracy rates of public and private green spaces are closest
to each other (Figure 4.11). Therefore, the value of 30 m has been accepted as the threshold

value for public and private UGS estimation.
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Private and Public Green space Distribution in SU31SE grid tile
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Figure 4.12 Private and public UGS percentages based on the different threshold values for
SU3ISE

In Figure 4.12, the percentages of distributions of public and private green spaces according to
different threshold values in the SU31SE tile are shown. Only at the 10 m threshold, public
UGS are more than private UGS. Private UGS are at the highest rate with 73.9% at 40 m. At
the determined threshold value (30 m), private UGS is approximately twice the public UGS.
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Private and Public Green space Distribution in SU41SW grid tile
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Figure 4.13 Public and private green spaces” percentages based on the different threshold
values for SU41SW

The percentages of distributions of public and private green spaces according to different
threshold values in the SU31SE tile are shown in Figure 4.13. While the rates of private and
public green spaces are equal at the 10 m threshold, the private green spaces are approximately
3 times the size of the public green spaces when threshold estimated as 40 m. At the determined

threshold, which is 30 m, the private UGS is more than twice the public UGS.
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Table 4.6 Private and public green spaces for the reference data and determined threshold

SU31SE Grid Tile SU41SW Grid Tile
Private Public Private Public
Green space Green space Green space Green space
(m?) (m?) (m?) (m?)

2943 197 716 434 5390 908 1 106 683
In the

Study Area 1199 359 716 434 3006 159 1 106 683
30 m

Threshold 2579 295 1279 862 3656 781 1 649 460

In Table 4.6, how much area the public and private green spaces in the reference data cover in
the grids are stated in square meter unit. While there are no public UGS in the area outside the
study area within the grid tiles, the private UGS outside the study area is approximately 1.75
km? in SU31SE and approximately 2.4 km? in SU41SW. According to the reference data,
private UGS in SU31SE is more than 4 times of public UGS. In the SU41SW, the private green
space is approximately 5 times the public green space (Figure 4.14). According to the reference

data, the distribution of private and public green areas in the study area is shown in Figure 4.15.

SU31SE SU41SW

Pri P 1 i i
rivate m Public Private m Public

Figure 4.14 Private and public UGS proportions in SU31SE and SU41SW grid tiles.
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Figure 4.15 Total private and public UGS in the tiles (up), private and public UGS in the
study area (down)
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The distribution of private and public UGS according to the determined threshold value (30m)
and the threshold values of 10m and 40m, where the highest accuracy is calculated for private

and public UGS, is shown in Figure 4.16.

Legend

[ susise
[ sua1sw

Public UGS (40m)
[ private UGS (10m)

-_ . Kilometers
0 05 1 2 3

Legend

[ susise
[ susisw

Public UGS (30m)
[ Private UGS (30m)

-_— Kilometers
4

0 05 1 2 3

Figure 4.16 Private and public UGS distributions calculated with different threshold distances
(highest accuracy (top), determined threshold 30m (down))
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It has been calculated that there are 17975 trees in the study area. There are approximately 528

trees per square kilometre. In Figure 4.17, the number of trees in 1km? grids is shown.

Especially in the port and industrial area, the tree density is very low compared to other regions.

The density of trees is higher in the northeast of the study area compared to other regions.

Covering only 3.97% of the study area, SU4315 and SU4415 grids have 1986 trees. This

corresponds to 11% of the total number of trees in this 1.35 km? area.
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Figure 4.17 Tree density map
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True Colour Classified NDVI

Figure 4.18 True colour, classified and NDVI image of an artificial Green

The green spaces in the study area are not only vegetation. As seen in Figure 4.18, although
two football pitches side by side are similar in shape and colour, one is natural vegetation while
the other is artificial. Therefore, the natural grass field on the right, which has chlorophyll
pigments, has an average NDVI value of 0.57, while the NDVI value of the artificial grass pitch
on the left is approximately -0.08.
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S. DISCUSSION

This chapter aims to evaluate of methods applied in this study to get results with critical

analyses, limitations of data and methods also suggestions for future studies.

Data pre-processing, segmentation, object-based classification, and methods of green space
analysis will be discussed separately in each section respectively. In section 5.5 limitations of

the study will be explained, and suggestions for future studies will make in section 5.6.

5.1. Data Pre-processing

When mosaicking aerial images and DEMs, two different methods have been applied. Nearest
neighbour for aerial images and bilinear interpolation for DEM. The reason is that when using
the nearest neighbour method, the original DN values of aerial image is kept due to data
processing time increasing caused by data size. Although this geometric correction process has
speed and not alter the DN values advantages, can cause duplication and loss of some pixels
(Baboo and Devi, 2010). However, vertical aerial photographs have little geometric distortions

(Weng, 2012).

On the other hand, the DEM data was resampled by using the bilinear method. This method has
been chosen to preserve the continuous structure of the data, even if the pixel values change
due to the production of new pixel values by taking the weighted average of four neighbouring
pixel values even though the contrast and sharpness quality of some pixels may decrease

(Thurnhofer and Mitra, 1996).

After the mosaicking process, geometric correction was continued for produced nDSMs and
aerial images as setting the place of images in space as defining the coordinate systems.
However, some geometric distortions can be caused by the curvature and rotation of the Earth,
errors of simultaneous GPS/IMU navigation, atmospheric refraction, and change of the speed
of the vehicle taken image (Toutin, 2004). These distortions may only partially be eliminated,

which is one reason for misclassification.

Figure 4.4 shows the atmospheric distortion and misclassification that it causes. In the image,
the straight line of the bridge has been distorted by the effect of one or more of the sources of

atmospheric distortion, and as a result, some areas, and parts of the vegetation are misclassified.
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Because of the heterogenic structure of the atmosphere, gas particles, water vapour, and clouds
affect the signals from the airborne vehicle and cause atmospheric distortions (Song et al.,
2001). In this study, also atmospheric distortions affect the accuracy of classifications. For
instance, the cloud covers an approximately 520 m long 370 m wide area. Because the image
taken by the camera did not detect the land's surface or object, this object caused some water,

residential areas, and green space to be misclassified as non-residential areas (Figure 4.5).

Atmospheric errors do not only consist of the cloud view in the image, but it also causes
blurriness because of the angle of illumination from the Sun, and this effect is higher in the
summertime. The vertical aerial photographs taken in August 2019 have this distortion as well.
However, images could be atmospherically corrected using radiative transfer models or by
eliminating data with near-zero reflectance values using the dark object subtraction method.
(Black et al., 2014; Chavez, 1988). Nevertheless, it can get higher accuracy by using an
atmospherically corrected image than a not corrected one; however, the accuracies are not

remarkably different (Siregar et al., 2018).

5.2. Segmentation

Segments are units to be classified in OBIA, these can only be assigned to a class, and the
segmentation step is considered the most important step of object-based classification (Belgiu
and Dragut, 2014; Burnett and Blaschke, 2003). For this reason, segmentation has seriously
affected the classification accuracy and, therefore, the accuracy of the separation of public and
private green spaces and tree density. The accuracy of subsequent OBIA is primarily
determined by image segmentation quality (Su and Zhang, 2017). The average size of the
segments notably affects the classification accuracy (Gao et al., 2011). The main reason the 1m
resolution data classification is less accurate than other classifications is that the same image
object contains different class objects (Table 4.1). For example, the green areas around most of
the dwellings in the test area (Figure 3.11) were segmented as the same image object and, as a

result, were mostly classified as trees (Figure 4.2).

The pixel of 1 m resolution image represents an area 25 times the size of a pixel in the 0.2 m
resolution image, which means spectral and spatial precision of coarser resolution image is
lower. Because of this situation, 1 m resolution data segmentation is less accurate. In the MRS

algorithm, pixels form image objects by grouping them according to the similarity of their
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texture, density, and shape (Wei et al., 2005). Consequently, the area corresponding to different

entities in coarser resolution images was segmented as a single image object.

In addition, none of the entities belonging to the same LULC class can be of the same size,
shape, or spectral feature as the other. For example, the roof of each residential building can be
a different colour and shape (Figures 3.8 and 3.11), although all of it should be classified as a
residential area. Therefore, it is challenging to accurately represent real objects by forming the
pixels that make the image into objects with SP, shape, and compactness parameters. However,
choosing of an accurate SP value is a critical decision in remote sensing imagery segmentation
(Kim et al., 2011). Consequently, in this research Dragut et al. (2014) using the automatic SP
estimation tool, it is aimed to keep the segmentation as far from subjectivity as possible.
Nevertheless, this tool estimates different SP for different weights of shape and compactness;

therefore, the selection of image objects is not independent of subjectivity.

If there was no time limitation to segment the study area, the study area could be chosen for
using ESP-2 tool to segment instead of segmentation test areas (Figures 3.4 and 3.5). In this
way, more accurate SP, shape, and compactness parameters would have been determined for
the entire study area. Therefore, more meaningful image objects could be obtained result of
MSR. However, as in this study, it is ideal to apply the same SP value in segmentation for
images with the same resolution, especially if one is a subset of the other, because the most

decisive factor for estimating SP value is the resolution of the image (Mdller et al., 2007).

5.3. Object-based Image Classification

In this study, it was possible to compare the classification methods and the results by applying
different images, methods, and rulesets. There are many parameters that affect classification
accuracy. Only vertical aerial photograph data were used when selecting training samples while
supervised classification carried out. Coverage and spectral variation of the training samples
affected the quality of OBIA (Li et al., 2016). Also, the selection of samples in nearest
neighbour supervised classification is a crucial step that could decrease the complexity of
classification by eliminating unnecessary features for classification (Ma et al., 2017a).
However, supervised OBIA classification has some disadvantages compared to the rule-based
approach. These area mainly, how training samples of homogeneous classes will better
represent complex objects of same classes, and the issue of which objects will produce more

accurate results when selected training samples according to the complexity of the objects are
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still uncertain also the subjectivity of training selection brings other uncertainties (Dronova et

al., 2011; Maet al., 2017b).

In supervised and rule-based OBIA, a segment is the smallest unit of classification, which is
grouped into pixels as a meaningful object. However, it is more complex than a single pixel,
and a better alternative to the pixel-based method by eliminating the artificial square cell
problem in the pixel-based method, especially in high-resolution images (Burnett and Blaschke,
2003). However, despite all the advantages that OBIA brings to image classification, the visual
dynamics of objects and the relationship with their environment is a matter that cannot be
observed via pixels or image objects because pixels are just an optical output unit of sensed
radiation, which is represented as digital numbers. For this reason, OBIA is not yet a technology
that can distinguish objects from each other with complete accuracy. Moreover, higher spatial
resolution does not always mean higher accuracy in object-based classification (Powers et al.,

2012).

In addition, the positions of the bands in the electromagnetic spectrum also affect the
classification. 0.2 m resolution data consists of 4 bands, and the bands are defined by the
manufacturer as red, green, blue and NIR. However, 1 m resolution CASI multispectral data
consists of 22 spectral bands, and one colour corresponds to more than one band. In general,
Blue 450-480 nm, green 510-550 nm, red 550-700 nm, and NIR 750-2500 nm are wavelength
ranges (Gitelson and Merzlyak, 1998; Walsh et al., 2020; Wang et al., 2011). Moreover, in
CASI multispectral data, especially the red and NIR colours correspond to more than one band
(Table 3.4). Selecting different bands changes the DN value of a pixel and, as a result, DN
values of image objects which are consisting of pixels. This situation would lead to different
results in the NDVI, NDWI and brightness values used in the classification. Therefore, using
different bands can change the LULC classes of all objects, especially water, trees, grassland

and non-residential.

Besides, especially shadow density caused by the building’s heights caused misclassification
(Figure 4.6). Shadows that are part of the same image object as dwellings, not roads, are
classified as residential area. On the other hand, the applied segmentation process successfully
separated different objects into different segments. The determined ruleset-2 worked well to
separate classes from the buildings around the green spaces (Figure 4.6). Nevertheless, various
alternatives could be used when determining threshold values, for example the automatic
induction and cognitive method (Lloyd et al., 2002; Tullis and Jensen, 2003) or FODPSO
algorithm developed by Ghamisi et al. (2012). Also as in this study, thresholds based on image
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object information determined by users can be used (Hodgson et al., 2003). By using NDVI and
NDWTI indices, it has been tried to differentiate objects from water and vegetation. However, it
is very difficult task to distinguish urban LULC types each other (Shackelford and Davis, 2003).
For example, in the port region, containers are of various colours and often have similar spectral
characteristics to building roofs. Therefore, many containers are classified as residential areas
(Figure 4.7). However, the solution of such limitations is not possible, and they cause
misclassification. There is plenty of spectral differences in even one LULC class. For example,
roofs of residential buildings can be in different colours or non-residential areas consist of many
structures different colour and shape. Therefore, no matter how high the resolution of the image
in areas containing natural and artificial presence with very different characteristics from each
other, a high-accuracy result may not be achieved using object-based classification. Moreover,
there are many non-permanent mobile objects in cities. For example, boats on the river have
caused areas that are water to be classified as road (Figure 4.8). However, if some of these boats
were segmented together with water as the same image object, they would be classified as water
as the threshold values determined in the ruleset classify the objects according to the average

values of the pixels that units of the segments, which is more likely in lower resolution images.

The accuracy rates of classifications depend on many parameters. Some misclassifications can
be noticed with visually interpretation, but numerical accuracy should be evaluated using
reference data to determine the accuracy of the LULC map produced and subsequent studies

based on this data.

Accuracy assessment approaches in object-based classification are of two types, per-pixel, and
per-polygon approach, according to the agreement unit (Stehman and Wickham, 2011). In this
study, the accuracy assessment was carried out with both approaches. The per-pixel method,
which is preferred when calculating the overall accuracy and kappa values of the LULC maps.
Depending on the distribution and number of randomly produced reference points the different
overall accuracy and kappa coefficient values could be achieved, and this approach produced a
relatively inconsistent result. Therefore, the per-polygon method was preferred in the
calculation of the urban green space distribution although per-pixel approach is more common
used (Powers et al., 2012). However, evaluating the extent to which the classified objects
overlap with the area corresponding to that object gives more appropriate results about the
accuracy of the study compared to the pixel-based accuracy assessment (Ma et al., 2017b). With
this approach, reference polygons and classified vegetation and residential area polygons were

compared on an area basis and TPR, FPR and accuracy ratios were calculated (Tables 4.2, 4.3
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and 4.4). Therefore, the accuracy analysis of the data to be used in private, public UGS and tree

density studies has been carried out with more precision.

5.4. Green Space Detection

Separation of the public and private UGS and tree density were calculated with information
from object-based classification result. Therefore, the factors that affect the quality of the
classification are crucial in the accuracy of the green space distribution. However, the reasons

be based on the vegetation structure also affected the result.

In this study, the height data is the only parameter used to distinguish between trees and
grassland. This has advantages and disadvantages in getting precise results. Since the tree
crowns are not flat but hollow, there are gaps between leaves; therefore, the LiIDAR pulses to
contact the ground directly or the trunk of the trees without reaching the tree crown. Therefore,
in DSM generated from the first return LiDAR point cloud data, trees can be represented
differently from their crown height. Consequently, some trees were misclassified as grassland

(Figure 4.9).

Nevertheless, objects were classified as tree or grassland according to their mean height values
(nDSM). Despite, even if some LiDAR data represents the ground height, the average of the
pixels of the segment also includes the height information of the pulses contacting the tree
crown. For this reason, a relatively low threshold value (0.6 m) was chosen for separating trees
and grassland, relative to a tree height. Moreover, tree crowns are classified with higher
accuracy in condition that they are segmented with high precision as image objects separate
from grasslands because of their spectral and especially spatial properties (Fisher et al., 2020).
In addition, tree crowns can be detected and delineated individually by choosing tree crown
samples from the combination of LiDAR data and aerial images (Zhen et al., 2016). This
approach relying on the trees which are represented by bright pixels in DEM data and bounded
by low density pixels in shadow or less bright parts of the tree crown (Leckie et al., 2003).

Nonetheless, classifying the tree crowns in urban is challenging process because of the
diversities of canopies in urban, also composition of the cities where trees and other objects
exist together even in a small area (Salim et al., 2018). In addition, using height information to
detect canopies is not an adequate approach to get satisfactory results in urban areas, because

in cities are likely to exist higher features than canopy structures. In this case, using only nDSM
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data might not be preferred for tree detection because height information does not enough to
separate trees from other relatively higher objects (Sung, 2012). Furthermore, trees are not only
be distinguished using height information but also, they can be detected according to their
spectral and spatial properties. Therefore, using geometric values of image objects, such as
elliptic fit, the ratio of length and width and roundness as threshold when deciding the ruleset,
could be perform better for separating trees from other urban features (Ardila et al., 2012). Also,
because the tree crown sizes are different from one, using the OBIA approach for individual
tree crown detection (ITCD) results in either some trees being detected as over-segmented or

multiple trees as a single segment. (Jakubowski et al., 2013).

To the extent that trees can be distinguished correctly, grasslands can be classified correctly in
this study. Additionally, the use of the NDVI index may not always give very high accuracy in
separating vegetation (Sun and Meng, 2020). However, the UGS existence was determined by
using NDVI and height information in this study. Therefore, accuracies of public and private
UGS and tree density calculations are based upon NDVI and height information performances

of detecting trees and grassland.

5.5. Limitations

Limitations stem from the methodology followed to make a classification in this study have
already been discussed in this chapter. However, the limitations are not limited to these. There
are also constraints of the data and software used because of the definitions of public and private

green spaces.

A spatial assessment of the UGS in Southampton requires remotely sensed data covering the
entire city. However, out of the six grid tiles covering Southampton, only about 34 km? data of
the 150 km? area is available in Environment Agency database. Therefore, only in an area of
this size could Southampton be geospatially evaluated in terms of green spaces with these data.
Nevertheless, the size of even these available data is enormous. For example, the size of 2019
vertical aerial photographs and 2018 nDSM data processed together is 19.4 GB and therefore a

segmentation operation took hours.

The object-based classification was carried out in licensed software, eCognition Developer 9.
There are time and data processing limitations as this software is available on a limited number

of computers, which are only accessible at certain times of the day.
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In line with the aim of the study, it is critical to detect green areas with high accuracy. Since the
LiDAR data used in the study was produced with a +/- 15 cm root-mean-square error affects
the accuracy of the tree classifications made using the height data. Since nDSM data is produced
using DSM and DTM data together, the cumulative vertical error can reach +/- 30 cm.
Therefore, the results produced using the height data in the study can only be calculated within

this accuracy.

The classification results used in the green space analyses were produced by using vertical aerial
photograph and DEM data together. These were achieved not simultaneously by the producer.
LiDAR point data from which DEM was produced were obtained with flights in February 2018,
and vertical aerial photographs were obtained with flights in August 2019. Earth objects may
have different spatial and spectral properties at different times. This can cause different objects
to be detected at the same location in this data. Furthermore, the data were obtained at different
times of the year. Due to phenological effects, both geometric and colour properties of plants
differ from each other in February and August. This situation leads to the conclusion that the
height of a tree that has already lost its leaves in February, when DEM data is taken, cannot be
determined well by airborne measurement technique. Also, at these times of the year, the colour
of the vegetation differs from each other, except evergreen vegetation species (Dong et al.,
2015). Additionally, because of the lack of open-source data of actual tree locations, an

accuracy assessment of tree location could not be carried out.

There are also constraints in the detection of buildings. Airborne remotely sensed data is
insufficient in determining whether a building is a residential area because the roof of these
buildings can be of different colours and shapes. Moreover, buildings with the same
characteristics can be non-residential or residential. However, the way to distinguish private

and public green spaces requires classifying dwellings separately from non-residential spaces.

In addition, whatever value threshold distance is chosen, the proximity approach is not adequate
to distinguish whether a UGS is private or public. The main reason for this is that private
domestic gardens have no size limit. The border of a private UGS can reach much further
distances than the building it belongs to. Furthermore, determining whether a UGS is private or
public is a matter of property law. Therefore, no matter which geospatial analysis approach is
preferred, green areas cannot be classified with full accuracy as public or private without

ownership information.
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5.6. Direction of Future Research

By removing the evaluated constraints as much as possible, new approaches can be taken to the

study. Consequently, a range of studies can be developed on this subject.

Available data do not cover a significant portion of Southampton. No Environment Agency
LiDAR or VHR data is available covering Southampton's largest open green space,
Southampton Common, with an area of approximately 1.48 km?. Also, the production
frequency of LIDAR data is annual and aerial images are in every 6 and 7 years. If the frequency
of production and coverage of the data are increased, geospatial analysis of UGS in
Southampton can be done more comprehensively. Nonetheless, open-source VHR data are
available for some part of Southampton, however VHR data may not be available covering the
study area of future studies of the same purpose. As access to higher resolution data increases,

UGS studies will gain a new dimension.

Recent circumstances have revealed that remote sensing approaches to green area detection
need to be developed. Although not unlike a visually green space, non-living "fake grass"
(Figure 4.18) has recently become a prevalent phenomenon in private green spaces in the UK
(Newlone, 2022). These green areas, where the vegetation indices are insufficient to detect,

might be the subject of future UGS studies.

In addition, the threshold distance value determined, to separate public and private green areas,
was decided as a result of the accuracy analysis carried out using the reference data produced
by the Ordnance Survey. However, this kind of reference data for every country is not available.
Nevertheless, private and public green space datasets can be created for different countries by
applying the methodology followed in this study. Besides, combining the population data with
this study outcomes can be used to calculate how far different types of UGS are from people

and how accessible they are.

ESP-2 tool developed by Dragug et al. (2014) tool makes scale estimation for a single shape and
compactness parameters in one time. If the tool will develop that can estimate one SP value
considering for all shape and compactness parameters possibilities, it will increase the

segmentation accuracy in future studies.

The eCognition is a paid software designed for object-based image classification. For becoming

widespread of OBIA studies, freely accessible alternatives such as the object-based image
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analysis tool of the Google Earth Engine platform can be developed, or new freely accessible

alternatives can be produced.

6. CONCLUSION

In conclusion, the distribution of public and private green space and tree density in
Southampton were calculated using the Environment Agency available LiDAR and very high-
resolution data in this study. In the object-based classification results performed to decide the

most suitable OBIA method for this aim.

The lowest overall accuracy and kappa value of 40% and 0.29 are the result of classification
using 1 m spatial resolution 2013 CASI multispectral image and 2014 DEM data. As a result
of the classification of the test area of 0.2 m resolution 2019 vertical aerial photographs and
2018 DEM data using the threshold values expressed as "ruleset-2" in the study, the highest
accuracy values were found as 82% overall accuracy and 0.78 kappa. Using the "ruleset-2"
values, the study area was classified with an overall accuracy of 72% and an accuracy of 0.66

kappa.

With the consequence data of this classification, UGS in Southampton were classified as private
and public, and the green area distribution of the city was calculated, also tree density in the

city mapped. The number of trees per square kilometre in the study area was calculated as 528.

It has been calculated that the green areas in the study area are approximately equally distributed
in all directions of the areas classified as residential areas. In addition, according to all threshold
distance decided in this study, the private green space is more than the public green space in
Southampton. As the threshold distance values increased which was selected for the
classification of public and private UGS, the accuracy value of private green spaces decreased,
while the accuracy value of public green spaces increased. When the green areas at a maximum
distance of 10 m from the dwellings are accepted as private UGS, the highest private UGS
accuracy was found as 46.5%. When the UGS at least 40 m away from the residential buildings
are accepted as public green space, the highest public green space accuracy was obtained with

39.1%.

SU31SE and SU41SW grids, which constitute more than 95% of the area of the study, were

compared in terms of green area distribution. Sum of private and public green spaces in SU31SE
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is 3.86 km?. The total amount of public and private green spaces in SU41SW grid tile is 5.31
km?. Private green space in the SU41SW grid is 68.9% of total UGS. In the SU31SE, 66.8% of
the total UGS is private.

Considering that Port of Southampton and other industrial regions around it covers a significant
part of the study area, it can be said that Southampton is a relatively green city based on the
green space and tree density calculated. To benefit from the environmental, health and
socioeconomical benefits of these areas and to pass them to the future generations, it is
necessary to protect the green areas in the city effectively and to progress their spatial analyses

based on well-designed plans, like “Southampton Greener City Plan 2030”.
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APPENDICES

Appendix 1 Estimated Scale Parameters and Numbers of Objects of the 0.2 m resolution data

(Figure 3.4) as Level 1 and 3.

Level 1
Shape Compactness Scale Parameter | Number of Objects
(0.1-0.9) (0.1-0.9)
0.1 0.1 73 118
0.1 0.5 28 549
0.1 0.9 73 123
0.5 0.1 54 153
0.5 0.5 48 195
0.5 0.9 58 147
0.9 0.1 37 141
0.9 0.5 36 167
0.9 0.9 31 267
Level 3
Shape Compactness Scale Parameter | Number of Objects
(0.1-0.9) 0.1-0.9)
0.1 0.1 713 1
0.1 0.5 628 1
0.1 0.9 623 1
0.5 0.1 474 1
0.5 0.5 338 1
0.5 0.9 338 1
0.9 0.1 187 1
0.9 0.5 176 1
0.9 0.9 161 1
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Appendix 2 Estimated Scale Parameters and Numbers of Objects of the 1 m resolution data

(Figure 3.5) as Level 1 and 2.

Level 1
Compactness Shape Scale Parameter | Number of Objects
0.1-0.9) 0.1-0.9)
0.1 0.1 136 758
0.1 0.5 102 774
0.1 0.9 44 978
0.5 0.1 137 754
0.5 0.5 96 865
0.5 0.9 52 727
0.9 0.1 146 672
0.9 0.5 104 778
0.9 0.9 61 574
Level 2
Compactness Shape Scale Parameter | Number of Objects
0.1-0.9) 0.1-0.9)
0.1 0.1 226 271
0.1 0.5 212 214
0.1 0.9 104 199
0.5 0.1 197 394
0.5 0.5 226 177
0.5 0.9 102 212
0.9 0.1 276 209
0.9 0.5 224 187
0.9 0.9 91 269
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Appendix 3 Confusion matrix of Supervised Classification the Study Area

Reference Data
Class Grassland | Industrial Residential | Roads | Trees | Water TOTAL User
Area Area Accuracy(%)
Grassland 7 1 0 1 0 1 10 70
Industrial 3 12 1 3 1 0 20 60
Area
Residential 0 0 10 2 0 1 13 76.9
Classification Area
Roads 1 1 3 9 0 2 14 64.3
Trees 5 0 0 1 15 0 21 71.4
Water 2 1 3 2 0 14 22 63.6
TOTAL 18 15 17 18 16 16 100
Producer 38.9 80 58.9 50 93.8 87.5 Overall 67
Accuracy(%) Accuracy
Kappa 0.61
Appendix 4 Confusion matrix of Ruleset 1 the Test Area Vertical Aerial Photography
Reference Data
Construction Non- User
Class Site Grassland | residential | Residential | Roads | Trees | Water | TOTAL Accuracy
(%)
Construction
Site 4 1 5 80
Grassland 18 2 1 21 85.71
C‘I”S‘ﬁed Non- 12 2 1 15 80
mage residential
Residential 1 1 2 50
Roads 2 3 1 21 4 31 67.74
Trees 3 5 8 62.50
Water 1 2 1 14 18 77.78
TOTAL 7 24 16 3 24 7 19 100
Producer Overall:75%
Accuracy (%) 57.14 75 75 33.33 87.50 | 71.42 | 73.68 Kappa: 0.69
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Appendix 5 Confusion matrix of Ruleset 2 the Test Area CASI

Reference Data
Grassland | Non- Residential | Roads | Trees | Water TOTAL | User
residential Accuracy
(%)
Grassland 9 2 1 1 5 18 50
Non- 1 1 50
Classification | residential
Residential 2 0 3 5 0.00
Roads 1 5 6 83
Trees 11 1 14 10 10 1 47 21
Water 1 4 15 22 68
TOTAL 21 11 14 22 11 21 100 | 100
Overall 40 %
Accuracy
Producer 43 9 0.00 23 91 71 Kappa 0.29
Accuracy(%)
Appendix 6 Confusion matrix of Ruleset 2 the Test Area Vertical Aerial Photography
Reference Data
Class Grassland | Non- Residential | Roads | Trees | Water TOTAL User
residential Accuracy(%)
Grassland 14 0 0 1 2 0 17 82
Non- 0 12 2 0 0 0 14 86
residential
Residential 1 3 6 0 0 1 11 55
Classification | Roads 0 3 0 26 0 2 31 84
Trees 1 0 0 1 10 0 12 83
Water 1 0 0 0 0 14 15 93
TOTAL 17 18 8 28 12 17 100
Producer 82 67 75 93 83 82 Overall 82
Accuracy(%) Accuracy
Kappa 0.78
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Appendix 7 Confusion matrix of Ruleset 2 the Study Area Object-based Classification

Reference Data
Class Grassland | Non- Residential | Roads | Trees | Water | TOTAL User
residential Accuracy(%)
Grassland 19 3 3 2 27 70
Non- 11 2 3 16 69
Classification | residential

Residential 7 4 11 64
Roads 1 2 11 1 15 73
Trees 3 1 9 13 69
Water 1 2 15 18 83
TOTAL 23 13 9 22 12 21 100
Producer 83 85 78 50 75 71 Overall 72%
Accuracy Accuracy
(%)

Kappa 0.66
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