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ABSTRACT

The social and environmental challenges faced by people living in informal
settlements or slums are widely recognized by development agendas
including United Nations Sustainable Development Goals, Agenda 2063 and
National Development Plans. The study aims to investigate informal
settlement dynamics and spatial characteristics to generate an understanding
of housing informality and environmental conditions for designing innovative

sustainable solutions.

The study assessed the use of 12 spectral indices and textural measures, and
object-based image analysis (OBIA) technique to detect informal settlements
from WorldView 2 images. A growth indicator that uses informal settlement
extent and impervious surface was developed and used to assess informal
settlement growth patterns between 2005 to 2020. Unmanned aerial vehicle
image products, and landscape metrics were used to assess the spatial
characteristics and patterns of backyard shacks and free-standing informal
settlement structures. In addition, a settlement surface ecological index was
developed and used to assess the ecological conditions of informal
settlements. Lastly, the assessment of the location characteristics of informal
settlements was done using ancillary data.

The results show that the use of built-up index, coastal blue index and first-
order statistics mean textural measures and OBIA technique detected informal
settlements with producer and user accuracies of 95% and 82% respectively.
The developed informal settlement growth assessment indicator shows that
informal settlement in 2020 had a slightly lower density of impervious surfaces
than in 2005. The Euclidean Nearest-Neighbour Distance, Aggregation Index
and Cohesion Index show that backyard shacks are less connected, less
dense, and more isolated than freestanding informal settlement structures.
Some informal settlements have better surface ecological conditions than
some of the formal settlements. A higher extent of informal settlements
continued to develop closer to formal settlements, rivers and railway lines
between 2015 and 2020. The information demonstrated in this study can be

used by local authorities to better understand and manage informal settlement
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developments, prioritize settlement upgrade projects and improve the

environmental conditions and resilience of informal settlements.

Keywords; OBIA, housing informality, informal settlements, ecological
condition, UAV
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ABBREVIATIONS

OBIA: Object-Based Image Analysis
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SWIR: Short-wave infrared

DSM: Digital Surface Model
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REI: Road Extract Index
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SRTM: Shuttle Radar Topography Model
SHAPE: Shape index
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SIDI: Simpson's diversity index
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Chapter 1 INTRODUCTION



1.1 Background
In 2020, one in four of the global urban population lived in informal settlements or

slums (The Sustainable Development Goals Report, 2020). About 85% of global
informal settlement dwellers are found in Asia and Sub-Saharan Africa with Sub-
Saharan Africa having 238 million people living in informal settlements (The
Sustainable Development Goals Report, 2020). Future urbanization is expected to
take place around cities and towns of developing countries while at the same time, the
number of people living in informal settlements is expected to double i.e., to 3 billion
by 2050 unless proper action is taken (United Nations Department of Economic and
Social Affairs, 2013). The developing economies that are already struggling with
informality might be faced with even bigger challenges in the next few decades.
Informal settlements lack access to improved water sources, improved sanitation
facilities, sufficient living area, housing durability or security of tenure (UN-Habitat,
2004) and are usually home to new migrants, unemployed or unskilled (Eckstein,
1990; Oksiutycz & Azionya, 2022). Access to adequate housing is a human right (UN-
Habitat, 2004), and the lack of it affects dignity, safety, security, and livelihood
opportunities (Marutlulle, 2021).

In 2000, United Nations member states committed to achieve eight Millennium
Development Goals (MDGs) of which one of the targets was to significantly improve
the lives of at least 100 million slum dwellers by 2020 (UN-Habitat, 2003). This led to
a decline in the proportion of people living in informal settlements or slums from 39%
in 2000 to 29% in 2014 (UN-Habitat, 2015). While significant progress was made
toward improving the livelihood of people living in informal settlements during the
implementation of the MDGs, the number of people living in informal settlements
continued to rise during the same period (United Nations, 2015). In 2015, the United
Nations member state renewed their interest in improving informal settlements or
slums and committed to Sustainable Development Goal (SDG) 11, with Target 11.1
aimed at providing access for all to adequate, safe, affordable housing and basic

service and upgrade slums (UN-Habitat, 2016).

The development of informal settlements continues to be a challenge for developing
countries like South Africa with one in five of the urban population living in informal
settlements in 2021 (South African Cities Network, 2022). Even though significant
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progress has been made towards the upgrading of informal settlements in South Africa
in the past two decades, the number of people living in informal settlements continues
to rise (Statistics South Africa, 2016). In addition to informal settlements, South Africa
also battles with the development of shacks in the backyard of formal dwelling
structures, known as backyard shacks which have been on the rise in the past two
decades (Statistics South Africa, 2016). The backyard dwellers may not afford or are
not willing to pay for formal rentals or may be on the waiting list to receive government-

subsidized houses (South African Local Government Agency, 2014).

Backyard shacks are mostly found in townships around cities, home to medium-to-
low-income populations (Shapurjee et al., 2014) and have become the most prevalent
and fast-growing way of informal rental housing (Turok & Borel-Saladin, 2016).
Backyard shacks have been experiencing higher growth rates than informal
settlements in recent years (Shapurjee et al., 2014). Backyard shacks are built using
poor materials like those in informal settlements and do not have direct access to basic
services, but generally have access to services from the existing formal property
(Mahlakanya & Willemse, 2022). Information on the informality of settlements is
required to support the development of policies and programs to ensure adequate
housing and the upgrade of informal settlements (UN-Habitat, 2018c). The success of
national initiatives such as the Informal Settlement Upgrading Programme (ISUP)
which are aimed at providing basic services or adequate houses, and international
agendas such as SDGs require access to up-to-date information on informality.

1.2 Problem statement

Data on the location and extent of informal settlements is usually non-existent (Patel
& Baptist, 2012). Data on the population of informal settlements is usually collected in
many countries through ground surveys such as census, leading to gaps in data as
many countries conduct census every ten years (Kohli et al., 2016). In addition,
information collected during the census contains mainly headcount information and
lacks the spatial dimension of the informal settlement (Kohli et al., 2012). Informal
settlements are arguably the most likely settlement type to be under-sampled during
the census, resulting in an undercount of the number of households who live in an
informal settlement (Housing Development Agency, 2012). In countries like South

Africa, information on informal settlements and backyard shacks is also collected
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during general household surveys (Statistics South Africa, 2022). Even though these
surveys are conducted regularly, around a percentage of the total households are
assessed (Statistics South Africa, 2022).

Traditional methods of deriving information on informal settlements using remote
sensing technologies include counting informal settlement structures from high spatial
resolution satellite imagery or aerial photography (Kit & Lideke, 2013). Even though
visual image interpretation is time-consuming and resource intensive, it is still being
used as it produces higher accurate results when performed by experienced image
interpretation skills (Kuffer et al.,2016a). The increase in the availability of high spatial
resolution imagery provides access to data to support planning and policy making by
urban authorities (Patino & Duque, 2013). Several studies have investigated the use
of high spatial resolution imagery to detect informal settlement areas within specific
areas of interest with mixed settlement types and other urban land use features
(Hofmann et al., 2001; Jain, 2007; Kohli, Sliuzas, et al., 2016). Other studies have
investigated the spatial growth patterns of informal settlements (Hao et al., 2013;
Pellikka et al., 2004). Some studies focused on the mapping of informal settlement
land use features such as roads (Nobrega et al., 2006) while other studies focused on

population estimation in informal settlements (Galeon, 2008; Veljanovski et al., 2013).

Even though several studies have investigated the methodologies to detect informal
settlements from other land uses using remotely sensed data, robust methods that
can be adapted to any region still do not exist. This can be attributed to the varying
physical characteristics of informal settlements in different regions, countries and to a
certain extent within cities. The lack of robust methodologies to detect informality can
contribute to a lack of understanding of the evolution of informality in areas around the
cities. In addition, studies to automatically detect backyard shacks in formal areas
using remotely sensed data do not exist. Lastly, little is known about the environmental
condition of informal settlements and the landscape where these settlements develop.
A lack of understanding of the environmental condition of informal settlements may

increase the health risk and disaster vulnerability of informal settlement dwellers.

Mamelodi is one of the biggest townships in City of Tshwane Metropolitan Municipality
(Statistics South Africa, 2012). According to Statistics South Africa (2013), about 50%
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of dwellings in Mamelodi were informal in 2011. Due to this high number of informal
dwellings, the authorities are struggling to meet the demands of housing and provision
of basic services. Additionally, Mamelodi is faced with a number of social and
environmental challenges including high crime rates, water pollution and solid waste
management. Concerning the impact of informal settlements on the environment,
Darkey, et al. (2000) showed that the stream that flows through an informal settlement
in Mamelodi is odorous and contaminated, yet it was still used for household chores,

putting the health of the people at risks.

Despite several informal settlement upgrade projects taking place in Mamelodi, the
expansion of informal settlements continues. Understanding the characteristics and
dynamics of informal settlements is vital to ensure that local authorities and policy
makers implement necessary measures and allocate resources aimed at upgrading

informal settlements and managing their development (Gevaert et al., 2017).

1.3 Informal settlements detection using remote sensing

Understanding informal settlement dynamics and characteristics is crucial for the
development of sustainable urban cities and human settlements. The success of
initiatives to improve informal settlements is highly dependent on the data and
information used during the planning of such solutions. Remote sensing provides the
capability to map and monitor informal settlements, offering information to support
planning and the development of necessary policies for better city management.
Traditional methods of mapping informal settlements include counting informal
settlement structures using high spatial resolution satellite imagery or aerial
photography (Kit & Ludeke, 2013).

The complexity of informal settlement roofing materials makes it difficult to extract
informal settlements from high spatial resolution imagery using spectral information
alone. Object-Based Image Analysis (OBIA) techniques analyze and classify image
objects based on spectral, spatial, and contextual information (Castilla & Hay, 2008).
This results in higher classification accuracy in urban environments when using high-
resolution imagery compared to traditional pixel-based classification techniques
(Desheng & Fan, 2010; Novack & Kux, 2010). A number of studies have tested and

used OBIA technique to detect informal settlements with varying accuracies. Kuffer et
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al., 2016a, Owen & Wong, 2013; Kohli, et al., 2013, Fallatah et al., 2015; Kohli et al.,
2012; Hofmann et al., 2001; Hofmann et al., 2008; Kohli et al., 2016; Kuffer et al.,
2016a). The use of machine learning techniques and OBIA offers an opportunity to
increase the accuracy of informal settlement detection from high spatial resolution
imagery (Fallatah et al., 2020). Deep learning techniques have been investigated to
detect informal settlement (Gadiraju et al., 2019; Mboga et al., 2017). Random Forest
(RF), Support Vector Machines (SVM) and Linear Regression have also been
investigated (Gadiraju et al., 2019; Leonita et al., 2018).

1.4 Research questions

The following research questions were addressed in this study:

1. Which settlement-based indicators can be applied on high spatial resolution
images to detect informal settlements from formal settlements using OBIA?

2. What are informal settlement growth patterns in the study area?

3. Can we classify backyard shacks from free standing shacks and formal building
structures using UAV?

4. What are the spatial patterns of backyard and free standing shacks in the study
area?

5. What are ecological conditions of informal settlements compared to other
settlement types?

6. What are the spatial characteristics of informal settlements in the study area?

1.5 Aims and objectives of the study

The aim of the study is to investigate informal settlement dynamics and spatial
characteristics to generate an understanding of housing informality and environmental
conditions for designing innovative sustainable solutions. The following objectives
were set to achieve the aim of the study:
1. To investigate settlement-based indicators to detect informal settlements from
formal settlements using very high spatial resolution imagery
2. To assess informal settlement growth patterns using very high spatial resolution
imagery
3. Toinvestigate the spatial patterns of backyard shacks and free-standing shacks

using UAV image products and landscape metrics



4. To investigate an ecological index to assess the surface ecological condition of
informal settlements and other settlement types

5. To assess location characteristics of informal settlements between 2015 and
2020.

1.6 Study area

The study area is in Mamelodi Township, which is located in the City of Tshwane
Metropolitan Municipality, Gauteng Province, South Africa, Figure 1-1. The population
of Mamelodi Township was 334,577 in 2011 (Statistics South Africa, 2012).
Consequently, this township is densely populated with large areas of informal
settlements. About 50% of dwellings in Mamelodi were informal in 2011 (Statistics
South Africa, 2011). A total of 83 378 households in the City of Tshwane lived in
backyard shacks in 2013 (City of Tshwane, 2017). The number of backyard shacks in
the City of Tshwane increased by almost 400% between 2001 and 2011 (Gauteng
City-Region Observatory, 2018).
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1.7 Significance of the study

The dynamics of informal settlements and their characteristics using remote sensing
data including UAV, has not been adequately explored in South Africa from the
research perspective. In addition, housing informality and the physical environment of
informal settlements has not been explored using remote sensing data. The
proliferation of informal settlements and increased development number of backyard
shacks do not only threaten sustainable urban development efforts, but also
jeopardize urban environmental sustainability, putting the lives of people at health and

environmental risk.

The study is anticipated to contribute to an increased understanding of informal
settlements by offering deep insights into their spatio-temporal growth patterns. These
insights are required to formulate effective strategies to address the challenges posed
by the development of informal settlements. Spatial information on the growth patterns
of informal settlements can also help evaluate the effectiveness of upgrade projects
and provide insights for improving future initiatives. Understanding the physical and
environmental characteristics of informal settlements and other settlement types is
crucial during planning interventions to meet the diverse needs of the different
settlements in the study area. This understanding can also help mitigate health and
disaster risks associated with the physical locations of informal settlements.

The investigation of new settlement indicators derived from high spatial resolution
images and OBIA technique is expected to add new knowledge to informal settlement
detection research. The mapping and assessment of spatial patterns of backyard
shacks using UAVs showcases an innovative method to derive up-to-date and
accurate information on backyard shacks, setting a precedent for future research to
understand housing informality. Overall, the study is anticipated to contribute to the
broader context of local and regional development planning by providing data-driven

insights into the characteristics and dynamics of informal settlements.



1.8 Outline of the thesis

This is a paper-based approach thesis. The thesis comprised eight chapters, with six

chapters describing how the set objectives were realized:

Chapter 1 provides the background, problem statement, objectives, and outline of the

research.

Chapter 2 provides a review of the use of OBIA and remote sensing technologies to

detect informal settlements and informal settlement land use information.

Chapter 3 developed a methodology to detect informal settlements from other land
uses in a densely populated settlement. The study assessed the effectiveness of
twelve spectral indices, first and second-order statistical measurements in the

detection of informal settlements from formal settlements.

Chapter 4 assessed the spatial growth patterns of informal settlements in the study
area using very high spatial resolution imagery. The study assessed changes in the
extent and impervious surface within informal settlements and proposed an index to
assess informal settlement growth patterns based on the extent and impervious

surface.

Chapter 5 investigated the use of height information derived from UAV products in the
mapping of backyard shacks and free-standing shacks. The study used landscape
metrics to measure and analyze the object-level and settlement-level properties of the

backyard and free-standing shacks.

Chapter 6 assessed the surface ecological conditions of informal settlements, formal
settlements with backyard shacks and other human settlement types. The study
proposes a SSEI that uses soll, tree, grass and impervious surface covers, LST and

soil moisture to assess surface ecological conditions of human settlements.
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Chapter 7 analyzed the location characteristics of informal settlements over a five-year
period using ancillary data. The study assesses informal settlement growth and

identifies the top three location characteristics of informal settlements.
Chapter 8 concludes the thesis by highlighting the main findings achieved on each

objective, the contribution of research to the remote sensing field and

recommendations for future studies.
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Chapter 2 MAPPING AND ASSESSMENT OF HOUSING
INFORMALITY USING OBJECT-BASED IMAGE ANALYSIS: A
REVIEW

This chapter is based on the following manuscript:

Mudau N., Mhangara P., (2023), “Mapping and assessment of housing informality

using Object-Based Image Analysis”™> a review; Urban  Science;
https://doi.org/10.3390/urbansci7030098
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Abstract
Research on the detection of informal settlements has increased in the past three

decades owing to the availability of high- to very-high-spatial-resolution satellite
imagery. The achievement of development goals, such as the Sustainable
Development Goals, requires access to up-to-date information on informal
settlements. The review shows the number of publications has significantly increased
between 2018 and 2019. Even through there has been an increased interest in the
past few years, the review shows that limited studies were conducted in regions that
are home to 80% of the informal settlements or slums, i.e. Africa and Asia, with South
Africa and China being the only two countries conducting research in informal
settlements and remote sensing in these two regions. In addition, the research on
informal settlements and remote sensing is mostly funded by Europeans institutions
with only one African institution in the top ten funders. In terms of object-based image
analysis (OBIA), the review shows that there is increased focus on the use of OBIA
and settlement level indicators to detect informal settlements than object level
indicators. The review shows that the success of OBIA in detecting informal
settlements depends on the understanding and selection of informal settlement
indicators and image-based proxies used during image classification suitable for a
particular city. The machine learning OBIA techniques are have a potential of

increasing the accuracy of the informal settlements over a larger geographic area.

Keywords: OBIA, informal settlements, high spatial resolution images

13



2.1 Introduction

The world is experiencing alarming urbanization growth. In 1900, only 15% of the
world’s population lived in urban areas (Satterthwaite, 2005). This picture changed
drastically during the 20th century. During the sixty years from 1950 to 2010, the world
experienced rapid urbanization, leading to more than 50% of the world’s population
living in urban areas (Spence et al., 2009). Eight years later, more than 58% of the
world’s population were living in urban areas (United Nations Department of Economic
and Social Affairs, 2019). The current projections indicate that approximately 75% of
the world’s population will live in urban areas by 2050 (United Nations Department of
Economic and Social Affairs, 2019), with most urban development expected to occur
in the towns and cities of developing countries (United Nations Department of
Economic and Social Affairs (DESA), 2013). Unfortunately, urbanization in these
countries is not always linked to economic development (Kessides, 2007), and
population influx often surpasses the formal housing supply. This is already evident
from the development of informal settlements or slums and informal dwelling
structures, including backyard shacks around the cities and towns of developing
countries. Many countries and international bodies have initiated policies and
strategies that set targets to provide adequate housing and improve the living

conditions of people living in informal dwellings.

Informal settlements are illegal and lack access to improved water sources, sanitation
facilities, good living areas, housing durability or security of tenure (UN-Habitat, 2004)
and are usually homes for new migrants and unemployed or unskilled people
(Eckstein, 1990, Oksiutycz &Azionya 2022). In addition to the increased health, social
and environmental vulnerability of people living in informal structures, the development
of such dwellings can lead to environmental degradation. Even though the
development of other forms of informal housing takes place on surveyed traditional
land, the development of such structures is illegal, and the people living in such
dwelling structures may lack security of tenure and direct access to basic services,
leading to settlement informality. Effective urban planning requires access to
consistent, reliable and up-to-date information on informal settlements and settlement

informality.
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In many countries, data on informal settlements are traditionally collected during
ground surveys, including censuses. Censuses are usually conducted every ten years
owing to the substantial financial resources required to conduct these surveys (United
Nations: DESA, 2019). In addition, such censuses primarily capture headcount
information rather than the spatial dimensions of informal settlements (United Nations:
DESA, 2019). Even though the population census is the most comprehensive source
of demographic data, information on informal settlements is usually underestimated
compared to other settlement geographies (Maluleke, 2013). The temporal gap of
census data poses many challenges in planning services, as the fiscal transfer of
services is based on headcounts. In addition, development agendas such as the
Sustainable Development Goals (SDGs) use headcounts to assess progress toward
the achievement of sustainable cities. Understanding the spatial-temporal dynamics
of informality in terms of demographic information, areal extent, morphology and
environmental conditions can assist in the development of sustainable solutions to
better manage urbanization. This paper reviews the published research on object-
based image analysis (OBIA) methods for detecting informal settlements using remote
sensing data, focusing on the indicators used to detect informal settlements. The
paper also reviews the published research on the extraction of informal settlement
land use features. The paper concludes by providing a summary and
recommendations for potential future studies applying remote sensing in informal

settlement mapping.
2.2 Origin and characteristics of informal housing

Informal settlements existed in the 16th century in Europe, Australia and North
America, serving to provide housing solutions in now-developed countries for those
with little or no income (UN-Habitat, 2004). Rapid urbanization during the Industrial
Revolution led to the rapid increase in the number of slums during the last two decades
of the 19th century (UN-Habitat, 2004). These settlements were usually located within
the cities in old buildings. They lacked access to essential services and were not
included in the planning of the cities, leading to these areas having poor living
standards and being sources of social ills such as crime and drug abuse (UN-Habitat,
2004). Sub-Saharan African and South American urban areas were limited in number
and extent during the pre-colonial era (UN-Habitat, 2004). Examples include Jenne-
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Jeno in Mali and Aksum in Ethiopia. The urban settlements and towns were not
formally planned but rather had settlements patterns, structures and land use systems
dictated by their traditional and religious leaders. The dwelling structures in informal
settlements differed from country to country and sometimes varied per ethnic group.
Nevertheless, there was recognition of what constituted an acceptable settlement
pattern, specifically one that provided for all necessary land uses, such as
transportation, education and shops. During the last few decades of the 19th century
and early 20th century in sub-Saharan Africa, the European colonizers established
and settled in new settlements and generally changed or expanded the existing urban
areas so as to be situated closer to natural resources, leading to more people moving
from rural areas to urban areas in search of employment with the established
industries (Okpala, 2009). The colonizers also established coastal cities such as Cape
Town, Lagos and Accra to facilitate the transportation and trading of resources
(Okpala, 2009). The spatial plans of colonial cities were created using racial
segregation policies resulting in underserviced or unserviced black areas, mostly
informal settlements, located far from the commercial and desirable residential areas
separated with buffers such as railway lines (Strauss, 2019). To this day, most informal
settlements in developing countries are home to unskilled or semi-skilled workers who
have become the labor pool for industries particularly affected by economic
instabilities. Hence, most of these workers are laid off during recessions, making it

difficult for them to change or improve their living conditions (Frankenhoff, 1967).

Nowadays, informal housing can be found in informal settlements where free-standing
informal structures are built on illegal land (UN-Habitat, 2004). The second scenario
of informality in countries like South Africa takes place through the building of informal
structures on formal surveyed land (Statistics South Africa, 2016). The third scenario
is where people live in old buildings that lack city services. These settlements are
mostly found within cities, such as the urban villages in some cities in China that were
rural villages but are now rented out to create income (since agricultural land has been
consumed by urbanization) (Pryce et al., 2021). The mapping of informal settlements
or informal housing using remote sensing data requires a context-/countryspecific
understanding and definition of informality. The terms informal settlement and slum
are currently used interchangeably in United Nations documents (United Nations

Department of Economic and Social Affairs., 2013). Other terms are used to describe
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informal settlements in different countries, including fevals (Brazil), bidovilles
(Francophone), villa miseria (Argentina) and kampungs (Indonesia and Malaysia)
(UN-Habitat, 2004).

Remote sensing technologies provide the capabilities to map and monitor informal
settlement developments. The analysis of publications performed using the Scopus
database in May 2023 shows that the number of studies using satellite imagery to map
and monitor informal settlements or slums has increased since 2015, with fewer
studies recorded between 1996 and 2008. Approximately 50% of the publications were
published between 2019 and 2022, with the highest number of publications in 2019
(Figure 2-1).
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Figure 2-1: Number of publications on informal settlement mapping using remote

sensing technology per year based on the Scopus database.

The increased interest in the studies on informal settlements in 2015 may be related
to increased interest in informal settlements during and after the establishment of the
SDGs. Even though informal settlements are mainly prevalent in Africa and Asia
(where 80% of people live in informal settlements), most studies on formal settlements
or slums have been conducted by researchers in Europe and the United States

(see Figure 2-3).
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Figure 2-2: Proportion of publications on informal settlement mapping from remote
sensing technology per country.

South Africa is the only country in Africa that is among the top ten countries conducting
research on informal settlements. Other African countries whose research has been
published in the Scopus database include Kenya, Ghana, Zambia and Nigeria. India
and China are the only countries researching informal settlements in Asia. The
proportion of studies in the different regions may be influenced by the funding
opportunities to support research on informal settlements. Europe is the leading funder
of research on informal settlement mapping (see Figure 2-3).
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Figure 2-3: Top funders of research on informal settlement mapping
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In addition, most of the published research on informal settlements is conducted by

European academic institutions, as compared to research institutions or governments.

The methodologies used to detect informal settlements include manual digitization,
pixel-based classification, OBIA, machine learning, and texture-based and statistical-
based techniques. Even though visual image interpretation is time-consuming and
resource intensive, it is still used today, as it produces more accurate results when
performed by people with skills and experience in image interpretation (Kuffer et al.,
2016a).

The complexity of the roof materials of structures and the heterogeneity of land use in
urban areas make it challenging to distinguish informal settlements from other land
use types using spectral information based on high-spatial-resolution imagery alone
(Graesser et al.,, 2012). The use of machine learning techniques for informal
settlement mapping has been slowly increasing in recent years. Machine learning
techniques have proven to perform better than survey-based mapping methods.
These techniques depend on the settlements’ spectral, morphological or structural
properties (Duque et al., 2017). This leads to confusion between informal settlements
versus formal settlements with small buildings (Leonita et al.,, 2018). The
methodologies that have been tested in the detection of informal settlements include
Random Forest (RF), Support Vector Machines (SVM) and Linear Regression. The
SVM provides more accurate results with fewer errors of commission and omission
(Gadiraju et al., 2019; Leonita et al., 2018). Deep learning techniques such as
Convolutional Neural Network (CNN) can potentially improve the accuracy of informal
settlement classification (Gadiraju et al., 2019; Mboga et al., 2017). Unlike pixel-based
machine learning techniques, deep learning techniques use image patches during

model training (Mboga et al., 2017).

Additionally, known as Geographic Object-Based Image Analysis (GEOBIA), OBIA
technigues have received increased attention in the past two decades as solutions for
informal settlement detection (Castilla & Hay, 2008; Hofmann et al., 2001; Kohli et al.,
2016a). Unlike pixel-based classification techniques, OBIA classification techniques
use the spectral, spatial and contextual characteristics of image objects for
classification (Castilla & Hay, 2008).
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Table 2-1 summarizes the differences between the mapping methodologies used to
detect informal settlements.

Table 2-1: Description of informal settlement detection methods

Method Description

Manual digitization This method is time-consuming and resource intensive; however, it
yields more accurate results compared to other informal settlement

detection methodologies (Kuffer et al., 2016a).

The method results in high confusion between informal settlements

Pixel-based classification and features with similar spectral signatures (Myint et al., 2011).

The method can be used with other image classification techniques,
such as OBIA, and texture (Duque et al., 2017; Leonita et al., 2018).
Machine learning

The OBIA technique has been the most common method for informal settlement
detection in the past two decades, as compared to other image-processing methods
(Kuffer et al., 2016a). Compared to pixel-based classification, OBIA is beneficial for
the classification of slums because the segmentation process generates segments
that have additional spectral, geometric and textural information that is essential for
differentiating slums (Kit & Lideke, 2013; Kuffer et al.,2016a). The image segments
contain descriptive statistics such as mean, median, minimum and maximum values
per band and the mean ratios and variances of the images’ spectral, spatial and
textural characteristics (Baatz, 2000; Esch et al., 2008; Hofmann et al., 2008; Kit &
Lideke, 2013; Kuffer et al.,2016a). Multiresolution segmentation has been
implemented successfully in GEOBIA to delineate buildings and uses scale, shape

and compactness to segment objects (Dragut et al., 2010).

The use of machine learning techniques and OBIA techniques to detect informal
settlements is attracting interest from researchers. The settlement-based indicators
and RF classifier successfully detected informal settlements with increased accuracy
(Fallatah et al., 2020). The use of the OBIA technique and RF classifier in the detection
of informal settlements applying optical sensors and Synthetic Aperture Radar (SAR)
images has the potential to produce more accurate results (Naorem et al., 2016). The
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OBIA technique (which uses settlement-level image features derived from high-
spatial-resolution imagery) and RF (derived from high-spatial-resolution satellite
imagery) have been used to detect informal settlement growth from Landsat temporal

images with high accuracy (Fallatah et al., 2020).
2.3 OBIA processing steps

The first step in OBIA is image segmentation. This process partitions the image into
meaningful image objects which are used during image classification or interpretation.
OBIA was introduced around 2000 and implemented in software like Trimble
eCognition. The most common image segmentation technique used in informal
settlement detection is the multiresolution segmentation process (Kuffer et al., 2016a).
One of the time-consuming tasks in image segmentation is to determine the scale
parameters that will produce image objects that represent the desired classes (Esch
et al., 2008). The scale parameter is an important variable in image segmentation as
it determines the heterogeneity and size of segmented objects (Baatz, 2000). The
higher the scale parameter the higher degree of heterogeneity in the object, resulting
in bigger image objects. Most studies have used a trial and error process to determine
the scale parameter that will provide the required objects (Mudau & Mhangara, 2021,
Fallatah et al., 2019; Kuffer et al., 2016b; Hofmann et al. 2001). This is a supervised
segmentation method that requires a user to inspect the segmentation results using
reference data or local knowledge and fine-tune the parameters until desired image

objects are achieved.

Scale parameter remains a problem noteworthy in the transferability of OBIA
classification techniques. The transfer of image segmentation parameters from one
sensor to the other requires fine-tuning of the parameters (Hofmann et al., 2008).
Reference data such as roads or rail have been used during the segmentation process
to improve the boundaries of the resulting image object (Kuffer et al.,2016a). The
Estimation of the Scale Parameter tool developed by Dragut et al., 2010, has been
employed by some researchers to determine the scale parameter to be used during
the segmentation of informal settlement objects (Pratomo et al., 2018; Naorem et al.,
2016). Several studies have used two segmentation levels to detect informal
settlements (Mudau & Mhangara, 2021; Fallatah et al., 2019; Hofmann et al., 2001).
This usually involves the segmentation of larger image objects that represent non built-
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up and built-up areas, whereas the second level is created using higher scale values
to create informal and formal land use objects used as sub-objects to distinguish
informal settlements from formal settlements. The use of one segmentation level is
observed where only spectral-based features are used during the classification of

informal settlements (Kuffer et al.,2016a).

The availability of image processing platforms such as Google Earth Engine provides
opportunities to implement other segmentation methods such as Simple Non-Iterative
Clustering which have been successful in segmenting informal settlement image
objects from medium spatial resolution optical images and SAR (Matarira et al., 2022).
Grid-based segmentation approaches have also between used in informal settlement
detection OBIA (Mudau & Mhangara, 2022; Zhao et al., 2020).

Image classification in OBIA is usually done using rulesets. Expert knowledge is
required to generate the rulesets. The most challenging task during mapping informal
settlements using OBIA is translating the characteristics of informal settlements into
robust indicators that can be used across the globe during classification (Fallatah, et
al., 2015; Kohli et al, 2012; Hofmann et al., 2001) developed. A GSO was developed
to define generic indicators of informal settlements that can be used to detect informal
settlements from remotely sensed data across the globe (Kohli et al., 2012). The GSO
is based on the built morphology of informal settlements at three spatial levels i.e.

environs, settlement and object.
2.4 Detection of informal settlements using object level indicators

Several studies have investigated using OBIA techniques to detect informal
settlements (Hofmann et al., 2008; Kohli et al., 2016; Kuffer et al., 2016a). The rulesets
used for detecting informal settlements vary in terms of complexity from one area to
another, depending on the ontology of the informal settlements. The object-level
indicators tested or used to detect informal settlements include the tone and shape
characteristics of dwelling structures (Hofmann et al., 2001; Pratomo et al., 2018). The
shape characteristics that are used serve to detect informal settlements’ size and the
simplicity of their roof structures. The dwelling structures in informal settlements are
usually smaller (Fallatah et al., 2019a; Kohli, 2015a; Pratomo et al., 2018) and more

irregular in shape (Pratomo et al., 2018) than formal structures.
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The roofs of the dwelling structures in informal settlements vary from iron sheets,
asbestos (Pratomo et al., 2018) and a combination of clothes, woods and straw
(Nassar & Elsayed, 2018; Sliuzas, 2008). Image features that have been investigated
to distinguish tone of dwelling structures in formal and informal settlement brightness,
which measures the intensity of the bands of the image used or is done using the
intensity of the individual bands. The use of measurements derived from the tone of
the roof of the dwelling structures in informal settlements derived from high spatial
resolution imagery alone is not sufficient in the detection of informal settlements (Myint
et al., 2011). This is due to spectral confusion of dwelling roofs and surrounding
surfaces (Myint et al., 2011). The producer accuracy of studies that have investigated
the use of shape characteristics of the dwelling structures and achieved poor accuracy
of around 2% - 65% (Fallatah et al., 2019; Pratomo et al., 2018; Hofmann et al., 2001).

2.5 Detection of informal settlement using settlement level indicators

Settlement-level indicators are physical characteristics of informal settlements that
describe the overall shape, form or density of the respective settlement (Kohli et al.,
2012). These indicators include the relative density of building structures and the
absence of regular road networks and vegetation. Further indicators are the lacunarity
and orientation of built structures (Kohli et al., 2012). The density of structures in
unformal settlements can vary from one settlement to another. In addition, the density
of the structures can vary depending on the developmental stage of the informal
settlement, i.e., in infancy, consolidation or maturity (Sliuzas, 2008). Several studies
in the literature have been conducted on medium- to high-density informal settlements
(Fallatah et al., 2019a; Hofmann et al., 2008; Hofmann et al., 2001; Kohli et al., 2016).
At the time of the writing of this paper, no studies had yet been published that focused
on the use of remote sensing to detect informal settlements with low-density building
structures. The image proxies used in the detection of informal settlements using
settlement indicators include the grey-level co-occurrence matrix (GLCM), lacunarity

of building structures to open spaces, and built-up and vegetation indices.

The measurement of the GLCM is used to analyze the occurrence of pairs of pixels
with specific values and a specific spatial relationship (Haralick et al., 1973). The
GLCM textural measurements are the image features commonly explored,

investigated or used for informal settlement detection in areas with medium- to high-
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density building structures, from high- to very-high-spatial-resolution imagery (Kuffer
et al.,2016a; Mudau & Mhangara, 2021a; Prabhu & Parvathavarthini, 2022; Zhao et
al.,, 2020). The window size used during the texture analysis and the spatial
relationship analysis can affect the detection of informal settlements (Kuffer et
al.,2016a; Mudau & Mhangara, 2021b). The success of these GLCM features in
detecting settlements varies from one area to another depending on the morphology
of the settlement, the surrounding land use features and the developmental stage of
the settlements (Fallatah et al., 2019a; Mudau & Mhangara, 2021a). The integration
of GLCM and other features, such as vegetation indices, has been proven to increase
the quality of the results (Kuffer et al.,2016a).

Several studies have attempted to detect informal settlements by analyzing the
presence or morphology of land use features. A lack of vegetation is one of the
characteristics of informal settlements that have been investigated (Kuffer et al.,
2016a). This indicator is assessed using vegetation indices such as the Normalized
Differential Vegetation Index (NDVI). The NDVI quantifies vegetation cover and has
been used to classify land use and land cover features (Jeevalakshmi et al., 2016).
Informal settlements typically have lower vegetation cover than formal settlements
(Hofmann et al., 2015; Kuffer et al.,2016a; Owen & Wong, 2013). This indicator is
mainly used with other indicators, such as high building density, to detect informal
settlements. Even though lack of vegetation could be used as an indicator during
informal settlement detection, studies that assess vegetation cover and the biophysical
characteristics of informal settlements have not been conducted. Understanding the
biophysical characteristics and environmental conditions could help to manage the
development of a measure aiming to improve the resilience and health of people living

in informal settlements.

The use of lacunarity to detect informal settlements has been investigated in several
studies (Gefen et al., 1983; Kit et al.,, 2012; Owen & Wong, 2013). Lacunarity is a
measure of the deviation of geometric objects which quantifies the spatial
heterogeneity of an object (Jeevalakshmi et al., 2016). Formal settlements are
expected to have higher lacunarity values, whereas informal settlements have lower
values (Kit et al., 2012). The lacunarity values of informal settlements depend on the

developmental stage and density of the settlements (Owen & Wong, 2013).
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Line detection algorithms such as Canny edge have been used to measure lacunarity
in the detection of informal settlements (Kit & Lideke, 2013; Owen & Wong, 2013;
Wasisa et al., 2016). In OBIA, lacunarity is also calculated by assessing the relative
distance of building structures from vacant land (Fallatah et al., 2019a). The
effectiveness of lacunarity in detecting informal settlements requires highly accurate
informal settlement land use features. The integration of ancillary data available from
platforms such as OpenStreetMap can potentially improve the detection of informal

settlements.

Informal settlements are characterized by organic and irregular road networks or paths
(Wurm et al., 2017). Only a limited number of studies have integrated the detection of
road networks in distinguishing informal from formal settlements (Kuffer et al.,2016a;
Najmi et al., 2022; Salem et al.,, 2020). The geometric characteristics of informal
settlement land use features have been investigated using the asymmetry of sub-
objects (Hofmann et al., 2001; Mudau & Mhangara, 2022). Informal settlements tend
to have a lower asymmetry of sub-object values owing to the complex nature of land
use features in informal settlements. The asymmetry of sub-objects performs better in
detecting informal settlements than the use of the area or density of sub-objects
(Mudau & Mhangara, 2022). This may be attributed to the fact that the assessment of
the area and density of sub-objects depends on the accuracy of the segmentation
results of building structures and land use features in informal settlements (Norman et
al., 2021).

2.6 Detection of informal settlement using environ-level indicators.

The detection of informal settlements using environment level characteristics has not
been thoroughly investigated. Informal settlements are mostly developed in vacant
land in an undesirable location closer to rivers or services, in very low or steep slopes
areas or areas prone to environmental disasters (Kohli et al., 2012; (Pratomo et al.,
2018). Some studies have investigated the location characteristics of informal
settlements using ancillary data (Dovey et al., 2020; Abebe et al., 2019; Githira, 2016;
Sirueri, 2015; Dubovyk et al., 2010). The integration of location characteristics such
as proximity to rivers, roads or railway lines in OBIA classification process has proven
to increase the detection of informal settlements (Pratomo et al., 2018; Shekhar,
2012).
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2.7 Temporal analysis of informal settlement extent

Understanding informal settlements can help authorities to better manage the
development of informal settlements and urbanization in general. Even though several
studies have investigated the detection of informal settlements using satellite images,
limited studies have focused on analyzing informal settlement growth (Dubovyk et al.,
2010; Fallatah et al., 2019a; Liu et al., 2019; Maiya & Babu, 2018; Mudau & Mhangara,
2022; Pratomo et al., 2018). The accuracy of post-classification-based change
detection greatly depends on the accuracy of the classification results. In OBIA, the
detection process’s or ruleset’s transferability remains challenging (Pratomo et al.,
2018). Machine-learning-based change detection offers a better solution for informal
settlement detection (Maiya & Babu, 2018). The information assessed in change
detection studies has mainly focused on the extent of settlements. The availability of
Unmanned Aerial Vehicles (UAV) provides an opportunity to assess building structure

growth or changes in informal settlements (Gevaert et al., 2020).

2.8 Informal settlement mapping using UAVs

The use of 3D information for detecting building structures in informal settlements
using UAVs, unmanned aerial systems or drones has been an area of interest among
researchers in recent years. UAV technology can acquire ultra-high-spatial-resolution
images, 3D point clouds, detailed Digital Surface Models and Digital Elevation Models
(Gevaert et al., 2016). This technology also provides flexibility in the selection of spatial
and revisit times based on the information requirements of the project (Nex &
Remondino, 2014). The integration of 2D and 3D information heights generated from
UAV products has been proven to provide more accurate results than pixel-based
classification (Gevaert et al., 2017). The mapping of land use features in informal
settlements (including building structures through integrating 2D and 3D information
provided by UAV technology) produces the detailed information required to support

many applications, including planning for the upgrading of slums (Gevaert et al., 2017).

UAV products have also been used to classify roofs according to the roof materials
and building heights, providing valuable information that can be used during spatial
planning and as an indicator for classifying informal versus formal settlements (Ashilah
et al., 2021). The assessment of land use features in informal settlements using UAV

image products is limited to smaller geographic areas (Pérez et al., 2013); for city-
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wide informal settlement mapping, high-spatial-resolution images are required. In
contrast, UAV technology is suitable for the localized assessment of features in
informal settlements to support specific projects, such as upgrade projects (Sliuzas et
al., 2017).

The capacity of UAVs to assess the morphology of building structures for determining
fire disaster risk in informal settlements has been demonstrated (Gibson et al., 2021).
Point cloud data used to create a 3D model of the building structure have been
investigated to support several applications, including informal settlement upgrades
(Khawte et al., 2022). Furthermore, multitemporal UAV products have successfully
identified upgraded dwelling structures in informal settlements (Gevaert et al., 2020).
It has been shown that using UAV products to detect features in informal settlements

provides classification accuracies of 90% or higher (Gevaert et al., 2020).

2.9 Studying morphology of informal settlement using landscape metrics

The research aiming to distinguish informal settlements from formal settlements using
landscape metrics is new. A recent study in China successfully distinguished urban
villages from formal areas with higher accuracy in two cities using patch and landscape
metrics (Liu et al., 2017). The study of the spatial patterns of informal settlement
structures using landscape patterns has also received limited attention (Gibson et al.,
2021; Sirueri, 2015). Studying the spatial patterns of informal settlements can provide
information with which to better understand the configurations of settlements and,
hence, aid in planning services. Furthermore, integrating spatial patterns with other
information types, such as disaster occurrence, can help to identify areas at risk of

such events (Gibson et al., 2021).
2.10 Mapping of informal settlement land use features

Understanding the built environments of informal settlements is essential for providing
primary and emergency services. Research on the high- to very-high-spatial-
resolution extraction of building structures in informal settlements has been an area of
interest for many scholars and researchers in the past two decades (Dahiya et al.,
2020; Mayunga et al., 2010). This was made possible by the launch of satellites such
as IKONOS, QuickBird and Worldview. The quantification of building structures

provides information required to estimate population size and facilitates the provision
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of health and other essential services, such as emergency response services
(including fire and disaster management). The extraction of building structures from
high-spatial-resolution imagery is a complex process owing to the size and

heterogeneity of the surrounding land use features, such as roads and open spaces.

Limited studies have investigated the extraction of roads in informal settlements, yet
these are essential infrastructure, as they provide transportation and emergency
service access. The detection of road features in informal settlements is challenging,
as roads in informal settlements have similar physical characteristics compared to
other land use features when using high-spatial-resolution satellite imagery (Nobrega
et al., 2006).

2.11 Summary and recommendations

This study shows that remote sensing has been widely used to detect informality
where free-standing shacks or dwelling structures were built on land that was not
approved for habitation. The literature search indicates that there are no studies using
remote sensing to detect informality in formal areas. Even though some studies have
investigated the use of remote sensing in informal detection, the adaption of the
investigated methodologies in different areas remains a challenge. While the use of
OBIA techniques to detect informal settlements has been thoroughly investigated, for
the detection methodologies to be transferable to more than one city, fine-tuning of the
segmentation parameters and the thresholds used during the classification process

will be required.

This review shows that settlement-level indicators have been thoroughly investigated
and have been more successful in detecting informal settlements than object-level and
environment-level indicators have. Furthermore, object- and environment-level
indicators have produced lower-quality results than settlement-level indicators. As
shown in this review, informal settlements are characterized by high-density structures
in sparsely vegetated areas. Thus, many studies have investigated the use of GLCM
and NDVI for detecting informal settlements. The success of the settlement indicators
investigated in the respective studies is shown in the literature to strongly depend on
the characteristics of informal settlements. Therefore, there is a need to investigate

and test the robustness of methodologies that integrate different detection techniques.
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To detect informal settlements, it is crucial to understand the local typology of informal
settlements when developing rulesets. Studies have shown that informal settlements
around cities may have different physical characteristics (specifically, density and
vegetation coverage). The use of OBIA combined with machine learning techniques
may yield a better accuracy in detecting informal settlements compared to the use of
traditional ruleset-based OBIA techniques alone. The combination of OBIA and
machine learning techniques also offers a means of detecting informal settlement land
use features such as roads and vegetation. The studies reviewed in the literature have
demonstrated that the use of UAVs provides researchers with height information that
can be used to improve the outlining of object-level features and assess other forms
of informality. This is especially the case in areas with both formal and informal
settlements. The use of different sensors, e.g., SAR and optical sensors, for detecting
informal settlements increases image proxies that can improve classification accuracy.
In addition to informal settlements’ extent, other research has focused on parameters
such as the height of building structures and roads. The availability of UAVs provides
the opportunity to extract and analyze informal settlements on a larger scale, which is
necessary for the effective planning of infrastructure and services. Limited studies
have mapped and assessed land use features in informal settlements. Little is known

about the environmental conditions of informal settlements.

Future studies should develop local ontologies of informal settlements and develop
robust methodologies to detect informal settlements over a larger geographic area.
Secondly, there is a need to investigate the use of image proxies with optical and
active sensors over a larger area or different cities. When mapping other forms of
informality, such as backyard shacks, OBIA techniques should be prioritized.
Furthermore, studies should examine the spatial patterns of formal and informal
settlements based on very-high-spatial-resolution data provided by UAVs and aerial
photography. The use of more object-level information to detect informal settlements
and use of UAVs to assess the environmental conditions of informal settlements will

provide crucial insights into the mapping of informal settlements.

2.12 Conclusions

In this study, we identified technological advancements in mapping and detecting

informal settlements using high spatial resolution data and OBIA approach. The review
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reveals that, despite an increase in studies focusing on informal settlements mapping
and monitoring in the past two decades, the quantity of published papers remains low.
Even though a high percentage of people live in informal settlements in Africa and
Asia, South Africa and China are the only countries in the top ten publishing studies in
these regions. The study further reveals that only one funding institutions from these
regions is in the top 10 funders of informal settlement studies, potentially contributing
to the lower number of published papers in these regions. Therefore, there is a need
to increase the focus of research in regions that are mostly affected by the

development of informal settlements or slums.

The review indicates that many studies have used optical satellite images rather than
SAR and UAV to detect informal settlements. Among these studies, the majority have
investigated the use of settlement-level image proxies to detect informal settlements
using OBIA techniques, rather than object-level image proxies. The use of
environmental image proxies in the detection of informal settlements has not been
explored. The transferability of rulesets derived using image proxies remains a
challenge due to the varying morphology of informal settlements across the world,
regions and in some cases across the city. There is a need to explore city-level image
proxies that can be used to develop OBIA approaches suitable for the city, contributing
to increased understanding of the dynamics of informal settlements and providing
opportunities for more analyses, including vulnerability to health and environmental

risks.
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Chapter 3 INVESTIGATION OF INFORMAL SETTLEMENT
INDICATORS IN A DENSELY POPULATED AREA USING VERY
HIGH SPATIAL RESOLUTION SATELLITE IMAGERY

This chapter is based on the following manuscript:

Mudau N., Mhangara P., (2021), Investigation of Informal Settlement Indicators in a
Densely Populated Area Using Very High Spatial Resolution Satellite Imagery;
Sustainability;_https://doi.org/10.3390/su13094735
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Abstract

Automation of informal settlement detection using satellite imagery remains a
challenging task in urban remote sensing. This is because informal settlements vary
in shape, size and spatial arrangement from one region to the other in some cases
within a city. This paper investigated the methodology to detect informal settlements
in a densely populated township using informal settlement indicators observed from
very high spatial resolution satellite imagery. In addition to commonly used informal
settlement indicators, we assessed the effectiveness of built-up and iron cover. The
Gray-Level Co-occurrence Matrix (GLCM) textural measures performed poorly in the
separation of formal and informal settlements compared to First Order Statistics (FOS)
measurements and radiometric indices. The Built-up Area Index, Coastal Blue Index
and the FOS Mean measurements achieved higher separability distance between
formal and informal settlements. The Iron Index performed better in the separation of
the two settlement types than the common GLCM measure and Normalized
Differential Vegetation Index (NDVI). The proposed classification tree that uses the
three features with the highest separability distance achieved producer and user
accuracies of informal settlements of 95% and 82% respectively. The results of this
study will contribute to the development of methodologies to automatically detect

informal settlements.

Keywords; OBIA, coastal blue index, informal settlements, built-up area index
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3.1 Introduction

More than 58% of the world population lived in urban areas in 2018, and the number
is expected to increase to 75% in 2050 (United Nations Department of Economic and
Social Affairs, 2019). Unfortunately, urbanization in developing countries is not always
linked to economic development (Kessides, 2007) and may lead to an increase in the
number of people without access to basic infrastructure and the proliferation of
informal settlements or slums. Informal settlements usually lack access to basic
services and are not included during the planning of the cities, leading to these areas
having poor living standards and being a source of social ills, such as crime and drug
abuse (UN-Habitat, 2004). With future urbanization expected to take place in towns
and cities of developing countries, the number of people living in slums is expected to
double, i.e., more than 3 billion by 2050 (UN-Habitat, 2020). While most developing
countries are already struggling with the effects of rapid urbanization, future
urbanization may result in increased development of informal settlements, poverty and
inequality. Information on the extent, population or condition of the informal settlement
of informal settlements is not always available, which results in these areas not
included in the government plans and policies (Patel & Baptist, 2012). This calls for a
need to develop new methodologies to generate data and information to support the

management of informal settlements.

The common source of information on informal settlements in many countries is
census data. Census is usually done every five to ten years period, leading to data
gap challenges (Kakembo & van Niekerk, 2014; Kohli et al., 2016). In addition,
information collected during the census contains mainly headcount information and
lacks the spatial dimension on the informal settlement (Kohli et al., 2012). Information
on the population and condition of informal settlements is also collected through
surveys to support specific projects. These projects may vary from informal upgrade
programs to the provision of services by non-governmental institutions. This leads to
spatial and temporal gaps in informal settlement data as the procedures used to
survey informal settlements are not always published (Housing Development Agency,
2012). In addition, data collection using field surveys is a time-consuming and

resource-intensive exercise. Consequently, governments are struggling to maintain
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informal settlement database due to prohibitive costs associated with field surveys
(United Nations Population Fund, 2002).

Remote sensing provides an opportunity to map and characterize human settlements
based on their morphology, allowing for the cost-effective data collection on informal
settlements (Patino & Duque, 2013). The use of remote sensing data can
independently map a countrywide to a city-wide location and condition of informal
settlements. Remote sensing technologies that have been investigated in the literature
for informal settlements mapping include aerial photography (Li et al., 2005; Williams,
2016), unmanned aerial vehicles (Gevaert et al., 2016) and satellite imagery (Ribeiro,
2015; Hofmann et al., 2008; Hofmann et al., 2001; Jain, 2007; Kohli et al., 2016; Kuffer
& Barros, 2011).

Methodologies used in mapping informal settlements from remote sensing data
include visual image interpretation, traditional pixel-based classification, Object-based
image analysis (OBIA) and machine learning techniques. The visual image
interpretation method is usually applied to very high spatial resolution satellite imagery.
Even though this methodology is time-consuming and resource-intensive, it is still
commonly used as it produces higher accurate results when performed by
experienced technicians than automated methodology (Kuffer et al., 2016a). however,

it leads to outdated data over larger geographic areas.

The detection of settlement types using spectral characteristics alone is not possible.
This is due to varying physical characteristics of informal settlements (Hofmann et al.,
2001; Kohli et al., 2013), roof materials of the dwelling structures within informal
settlements (Hofmann et al., 2001; Martino & Daniele, 2009) and development stages
(Hofmann et al., 2008; Sliuzas, 2008). Many studies in the literature used object and
settlement characteristics to detect informal settlements from satellite imagery with
varying accuracy based on the informal settlement indicator and geographic area. To
solve the problem associated with the detection of informal settlements using only
spectral characteristics, generic slum ontology (GSO) was developed to assist with
the detection and mapping of informal settlements from remotely sensed data across
the globe. The GSO is based on the built morphology of informal settlements at three

spatial levels, i.e., environment, settlement and object (Kohli et al., 2012). Building
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density remains the most explored settlement indicator that produces high accuracy
compared to other indicators (Fallatah et al., 2019a; Hofmann et al., 2008; Kohli et al.,
2012; Kuffer et al.,2016a; Kuffer & Barros, 2011; Prabhu & Parvathavarthini, 2022).
The use of gray-level co-occurrence matrix (GLCM) textural statistics has been
investigated with varying accuracies depending on the morphology of the informal
settlements and surrounding settlements (Kuffer et al.,2016a). In some cases, GLCM
textural analysis fails to detect informal settlements from the built-up area (Fallatah et
al., 2019; Hofmann et al., 2001).

Even though several studies have focused on mapping informal settlements in
different geographic areas, an automated methodology for informal settlement
mapping from remotely sensed data still does not exist. In addition, varying accuracies
are achieved using the same indicators for informal settlement detection in different
geographical areas. This study investigates the performance of twelve image-based
indicators on the detection of informal from formal settlements in Mamelodi, in South
Africa, using WorldView 2 satellite imagery. In addition to commonly used informal
settlement indicators, the study investigates two informal settlement indicators that

can be derived from high-resolution satellite imagery.

3.2 Study Area

Mamelodi is one of the biggest townships in the city of Tshwane, South Africa, located
20 km east of the city, see Figure 3-1. The total area of Mamelodi Township is around
32 km?. Mamelodi was established in 1953 as an urban housing scheme designed
exclusively for occupation by black African residents. In line with Apartheid planning,
Mamelodi was intended to provide a cheap labor pool for industries in Pretoria and the

wider Gauteng region (Statistics South Africa, 2011).
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Figure 3-1: Location of the study area, Mamelodi Township, City of Tshwane, Gauteng Province,
South Africa

Mamelodi Township has a population of 334,577 (Statistics South Africa, 2011). The
township is densely populated with large areas of informal settlements. About 50% of
dwellings in Mamelodi were informal in 2011 (Statistics South Africa, 2011). Due to
this high number of informal dwellings, the authorities are struggling to meet the
housing demands and the provision of basic services. Additionally, Mamelodi is faced
with many social and environmental challenges, including high crime rates, water
pollution and solid waste management. In terms of the impact of informal settlements
on the environment, the stream that flows through one informal settlement in Mamelodi
is odorous and contaminated but still used for household chores putting the health of
the people at risk (Darkey & Donaldson, 2000). Despite several informal settlement
upgrade projects taking place in Mamelodi, the expansion of informal settlement is still
on the rise. Spatial information on informal settlements is vital to ensure that local
authorities and policymakers put necessary measures and resources aimed at
upgrading informal settlements and managing their development.

3.3 Data

We used WorldView 2 8-band multispectral and panchromatic images acquired on 28

July 2015, sourced from Maxar Technologies. The multispectral bands and
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panchromatic bands have a spatial resolution of 2.4 m and 46 cm, respectively. The 8
bands multispectral image contains coastal, blue, green, yellow, red, red edge near-
infrared and near-infrared 2. The images were received georeferenced to the
geographic coordinate system and WGS 84 data. The images covered Mamelodi East
area, with the coordinates 25°41'-25°45' S and 28°23'-28°27' E. Figure 3-2 shows an

informal settlement in Mamelodi Township over WorldView 2 image.
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Figure 3-2: One of the informal settlements in the study area over a Worldview 2 image
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3.4 Method

In this study, we used object-based image analysis (OBIA) to detect informal from
formal settlements. The methodology followed involves segmentation of an image into
smaller image tiles, selection of samples, assessment of informal settlement
indicators, built-up and non-built-up classification, detection of informal settlements
and accuracy assessment.

Figure 3-3. The processing was done using Trimble eCognition Developer 9 software.
The processing steps followed are explain the processes in the next sub sections.

WorldView 2
image

i i - Assessmentof . i
i . i | ] i Detection of | i
Image _,  Selectionof | : informal i i [ Accuracy
. — — informal ! H
| segmentation | samples ! settlement ! | | assessment
| ! - settlements !
indicators |

, Built-up and Non-
built-up — Built-up

classification

Non-built-up
Figure 3-4: Methodology followed to detect informal settlements

3.5 Image Segmentation

The most important step in OBIA classification is image segmentation, which partitions
an image into desired objects, which are used during image classification or image
interpretation. In this study, a grid-based segmentation was chosen to allow for the
assessment and classification of formal and informal settlements based on the
characteristics and patterns of the land-use features within a grid. We used
chessboard segmentation techniques to segment the image into 150 by 150 pixels
tiles or grids. Chessboard image segmentation algorithm partitions an image into
smaller square objects (Jinli et al., 2019). This segmentation algorithm uses only the
scale parameter and does not consider the spectral or shape features of the objects
(Xue & Lin, 2020). The selection of the tile size was done using an interactive approach

based on expert knowledge of the study area.
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3.5.1 Assessment of informal settlement indicators

Table 3-1 lists the informal settlement indicators that were assessed and image

features investigated and the image features that best separate informal settlements

from formal settlements.

Table 3-1: List of spectral and textural features investigated in the detection of classification of informal

from formal settlements.

GLCM Variance

GLCM Homogeneity

GLCM Contrast

FOS Mean (u)

FOS Variance

FOS Skewness

Informal indicator | Image feature Formula
Vegetation extent NDVI NIR - R/NIR+ R
Built-up area extent | BAI B- NIR/B + NIR
Iron cover Iron Index R/B
Asphalt cover REI NIR2-B/NIR2+B*NIR2
Built-up extent CB Index CB - NIR/CB + NIR
Texture GLCM Mean n-1

Z i(pij)

i,j=0
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Where NIR, R, B, G and C are Near-infrared, Red, Blue, Green and Coastal Blue bands

respectively, n is the total number of gray levels in the image; The matrix element P (i,j) is the set of

second-order statistical probability values for changes between gray leveliandjat a particular

displacement distance and Pi is the probability of each pixel.
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The indicators assessed included the commonly investigated informal settlement
indicators, which are vegetation cover, asphalt cover and texture (Kohli et al., 2012).
In addition, we assessed the performance of the built-up and iron cover in

distinguishing between informal and formal settlements.

The density of building structures in the informal settlements varies across the study
area from 5 to more than 15 building structures per 100 m2. Lack of vegetation or
limited vegetation has been used as an indication of informal settlements (Owen &
Wong, 2013). Several studies have concluded that vegetation cover in informal
settlements is lower than in low-density formal settlements (Fallatah et al., 2019a;
Hofmann et al., 2001; Owen & Wong, 2013). We used vegetation cover derived using
normalized difference vegetation index (NDVI) to investigate its performance in the

detection of informal settlements.

Built-up area indices have been used to highlight built-up areas from other land cover
features from satellite imagery (Bhatti & Tripathi, 2014; He et al., 2010; Zhang et al.,
2014). Areas with high built-up density have higher built-up index values compared to
areas with lower density built-up areas. We used the built-up area index (BAI)
(Mhangara et al., 2011) to assess the separation of formal and informal settlements.
In addition to BAI, we developed a new built-up index, which is based on the coastal

band, i.e., coastal blue index and assessed the separability of the two settlement

types.

Absence or irregular roads have been identified as an indicator of informal settlements
(Kohli et al., 2012). We used the road extraction index (REI) (Shahi et al., 2015) to
investigate the separation of informal and formal settlements. The REI highlights
asphalt surfaces from other land-use features. The road surfaces or paths in informal

settlements in the study area are not paved.

In addition to the commonly used spectral indicators, we investigated the effectiveness
of the iron index in separating informal from formal settlements. The roofs of building
structures in informal settlements in the study area contain various materials, such as
corrugated iron, woods, stones, and/or cloth sheets. The formal settlements contain
roofs with iron oxide roof tiles or iron sheets and are, therefore, expected to have

higher values of the iron index.
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Texture is one of the most important spatial characteristics used in identifying the
object of regions of interest (Haralick et al., 1973). Gray level co-occurrence matrix
(GLCM) is a second-order statistic measure and one of the commonly used methods
in urban mapping. GLCM measures the spatial relations of neighboring pixels and is
one of the investigated texture analysis methods in informal settlements detection. The
GLCM textural measures have been used towards slum or informal settlements
detection with varying accuracy from one area to the other due to the morphology of
informal settlements (Ansari & Buddhiraju, 2019; Fallatah et al., 2019a; Kuffer et
al.,2016; Prabhu & Parvathavarthini, 2022). We have assessed the performance of
GLCM mean, variance, contrast and homogeneity textural features in separating

informal from formal settlements.

Lastly, we assessed the performance of first order statistics (FOS) measurement,
mean, variance and skewness in distinguishing informal from formal settlements.
These measurements calculate statistics based on the individual pixels and do not
take into account the relationship to the neighboring pixels (Aggarwal & Agrawal, 2012;
Kumar & Gupta, 2012). The informal settlements are illegal in nature, leading to an
organic pattern of dwelling pattern and irregular or lack of road networks and other
land use activities. Consequently, the texture measures between formal and informal
settlements vary (Haralick et al., 1973). We used feature space optimization (FSO) to
determine the separability of 72 and 78 informal and formal sample objects against all
the twelve image-based indicators listed in Table 3-1. The samples were selected
using visual image interpretation and contained settlements with varying dwelling
structure density and vegetation cover. Image tiles created during the segmentation
process, which contained formal or informal settlements, were selected as samples.
The FSO is an eCognition software tool that evaluates the Euclidean distance in
feature space between sample objects to determine the best separation distance (Ho
& Rao, 2016).

3.5.2 Detection of informal settlements

The first step in the detection of informal settlements was to separate built-up from
non-built-up areas. We used GLCM dissimilarity textural analysis to classify built-up

from non-built-up objects. The GLCM dissimilarity textural analysis separates built-up
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from non-built-up areas with higher accuracy than other GLCM textural features and
spectral indices (Zhang et al., 2014).

The classification of informal from formal settlements was applied on the built-up class
using indicators and image-based indicators that produced high informal settlement
class separation. The ruleset to detect informal settlement was developed using FOS
mean, BAI and coastal blue index and thresholding technique. The thresholds were
determined by visually inspecting informal and formal objects. Table lists the values of

the image-based indicators used in the detection of informal settlements.

Table 3-2: Image features and values used to detect formal and informal settlements

Image feature Class
Threshold
GLCM Dissimilarity Non built-up <0.8

Built-up  >0.8

FOS mean Formal settlements > 550

Informal settlements <550

BAI Formal settlements > 550

Informal settlements < 550

Coastal Blue Formal settlement >500

Informal settlements >500

3.5.3 Accuracy assessment

Accuracy assessment was done by comparing informal and formal sample image
objects mapped in section 5.3.1 and the classified informal settlements objects using

a confusion matrix (Definiens, 2007).
3.6 Results

3.6.1 Image segmentation

The chessboard segmentation method was able to create formal settlements, informal
settlements and non-built-up objects. Open spaces, such as sports fields and parks

within the built-up area, were separated from other land-use features, Figure 3-5.
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There were, however, tiles that contained parts of open areas and a small portion of
settlements. In addition, there were few areas where both formal and informal
settlements formed part of one tile. This was observed mostly in the edges of informal

and formal settlements.
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Figure 3-5: Chessboard segmentation results over WorldView 2 multispectral image

3.6.2 Performance of selected image features in separating informal and formal

settlements

The FSO class separability results are shown in Table 3-3. The results show that the
GLCM mean, variance, homogeneity and contrast, produced the lowest class
separation distance of informal and formal settlements compared to spectral indices
and FOS measurements. The GLCM variance, homogeneity and contrast had the best
separating distance of the two classes of less than 0.02, with GLCM contrast having
the least separation distance of 0.001. The results indicate that the selected GLCM
textural measures are not effective in distinguishing informal from formal settlements
in a densely populated area. This can be attributed to the varying densities of building
structures and other land-use features in informal settlements resulting in varying co-

occurrence values within the informal settlements class.
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Table 3-3. Performance of selected image features in classifying informal from formal settlements

Image feature Separability
NDVI 0.075
BAI 0.201
Iron Index 0.191
REI 0.036
Coastal Blue Band 0.219
GLCM Mean 0.100
GLCM Variance 0.019
GLCM Homogeneity 0.001
GLCM Contrast 0.011
FOS Mean 0.235
FOS Variance 0.019
FOS Skewness 0.027

The separation of informal and formal classes using NDVI and REI yielded the least
separability distances of 0.075 and 0.036, respectively, compared to other spectral
indices. The poor performance of NDVI can be attributed to the fact that the informal
settlements in the study area vary in vegetation cover and density. Low vegetation
cover was observed in high-density informal settlements, whereas some of the lower-
density informal settlements had higher vegetation cover than some of the formal
settlements. The lower separation distance of the two classes using REI can be
attributed to similar spectral properties of road and building structures in the study
area. In addition, unpaved roads can be observed in both formal and formal

settlements adding the confusion between the two classes.

The coastal blue index and BAI resulted in a better separability between informal and
formal settlements with the best separation distances of 0.219 and 0.201, respectively,
compared to other spectral indices. Most of the informal settlement tiles have lower
built-up index values compared to formal areas. The use of the coastal blue index
slightly increased the separability of the two classes compared to BAI. The coastal
blue index was able to separate some of the dense informal settlements from formal

areas that have similar values when using BAI.

The iron index performed better than NDVI and REI, with the best separation distance

of 0.191 between the two classes. The informal settlements have lower values of the
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iron index compared to formal areas. This is due to the diversity of roof material found
in informal settlements, whereas the roofs in formal settlements contain a mixture of
iron sheets or iron oxide tiles, resulting in higher iron index values. The iron index failed
to detect high-density informal settlements and resulted in an increased confusion

between low-density informal and formal areas.

The FOS mean produced the highest separability distance of 0.235 compared to all
image-based indicators investigated, whereas FOS skewness and FOS variance
performed slightly better than the GLCM variance, homogeneity and contrast. The
FOS mean was effective in detecting low-density informal settlements with lower

spectral values but failed to detect high-density informal settlements.

3.6.3 Informal and formal settlements classification results

This section presents the classification results of built-up and non-built-up classes,
informal and formal settlements, and accuracy assessment results achieved on the
classification of informal settlements using the top three image-based indicators,

which, i.e., FOS mean, coastal blue index and BAI.

The GLCM dissimilarity was successful in classifying built-up and non-built-up areas.
Some of the image tiles with more than 50% non-built-up were classified as non-built-

up. These areas were found mostly on the edges of the settlements.

The use of the FOS, coastal blue index and BAI were successful in classifying informal
from formal settlements, Figure 3-6. Most of the informal settlements in the study have
lower values of the built-up index than formal settlements. This is due to a lower
amount of impervious surface in informal settlements in the study area. Hence, they
were detectable using BAI and the coastal blue index. Some of the lower-density
informal settlements also have lower values of FOS mean compared to formal

settlements.

The FOS mean and BAI are unable to separate high-density informal settlements from
formal areas. These areas have a higher amount of impervious surface and high mean
values compared to low-density informal settlements. The detection of high-density

informal settlements was slightly improved by the coastal blue index though at the
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same time introducing commission errors in some of the high-density formal
settlement’s tiles. Some of the tiles representing formal settlements that are on the
edges of settlements were also misclassified due to the contribution of spectral
properties of open spaces, which are similar to some of the informal settlement tiles.

o

1
Kilometer

. e
B30 R R T T e e

Figure 3-6: Detected informal settlement layer over Worldview 2 image.

Assessment top three image-based indicators used separately show that BAI
produced the highest overall accuracy of 90%, followed by coastal blue index with
88%. The coastal blue index produced the highest producer accuracy of informal
settlements of 94%, followed by BAI with 84%, while the FOS mean yielded producer
accuracy of 80%. The use of FOS mean and BAI resulted in an overall accuracy of
90% and a producer accuracy of informal settlements of 87%. The use of BAI and
coastal blue index in the ruleset produced an overall accuracy of 88% and producer
accuracy of informal settlements of 95%. The inclusion of the coastal blue index with
BAI and FOS in the ruleset increased the overall accuracy by 1% and the producer
accuracy of informal settlements by 6%. In addition, the use of coastal blue index with
FOS mean and BAI in the detection of informal settlements increased the kappa index
Agreement of informal settlements from 75% to 87% but reduced the kappa index
Agreement of formal settlements from 88% and 69%. This shows that the coastal blue
index increased the amount of correctly classified informal settlement tiles but also
increased the confusion between informal and formal settlements.
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The areas detected by FOS mean overlap with the areas detected by BAI and coastal
blue index, whereas the built-up indices can detect additional informal settlements with
higher FSO mean values. This shows that the proposed methodology depends highly
on the built-up indices. BAl may be applied on very high spatial resolution images that
do not have a coastal blue band, whereas the coastal blue index can be applied in
images with the coastal blue band.

3.7 Conclusions

Our study showed the importance of studying the characteristics of informal
settlements in different geographic areas to develop methodologies to automatically
detect informal settlements. In this study, we investigated the performance of twelve
informal settlement indicators in classifying informal from formal settlements. Using
the FSO class separation assessment tool, only three out of twelve indicators had the
best separation distance of informal and formal settlements of more than 0.2. These
indicators are the FOS mean and built-up indices, i.e., BAl and coastal blue index. The
study successfully identified and demonstrated a built-up area as an informal
settlement indicator and a built-up index derived using the coastal band. The study
also identified iron cover as an informal settlement indicator that can improve the
detection of informal settlements. The study showed that the GLCM measurements
performed poorly in distinguishing informal and formal settlements in the study area.
The FOS variance and skewness were not successful in distinguishing between
informal and formal settlements. The study also showed that vegetation cover was not
effective in detecting informal settlements. This contradicts many studies that
suggested that informal settlements have lower vegetation cover than formal areas.
Asphalt cover derived using REI was also not effective in detecting informal

settlements in the study area.

The study results contributed additional informal settlement indicators and image-
based indicators that can be tested in certain areas and contribute to developing tools
to detect informal settlements. Even though higher accurate results were achieved in
the study, the proposed methodology needs to be tested in other areas with informal
settlements of similar characteristics. In addition, there is a need to performs a
thorough assessment of the twelve indicators using class separability tools with higher

accuracy, such as Jeffries Matusita distance, to assess the limitation and opportunities
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of the indicators investigated. The performance of these indicators can also be tested
using the multiresolution segmentation method. Lastly, there is a need to investigate
the informal settlement indicators that distinguish high-density informal settlements
from high-density formal settlements with backyard shacks using very high spatial

resolution imagery acquired by drone or aerial photography.
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Chapter 4 TOWARDS UNDERSTANDING INFORMAL
SETTLEMENTS GROWTH PATTERNS: CONTRIBUTION TO SDG
REPORTING AND SPATIAL PLANNING

This chapter is based on the following manuscript:

Mudau N., Mhangara P., (2022), Towards understanding informal settlement growth
patterns: Contribution to SDG reporting and spatial planning; Remote Sensing
Applications: Society and Environment; https://doi.org/10.1016/j.rsase.2022.100801
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Abstract

The study proposes a ratio of informal settlement land consumption rate to impervious
surface growth rate to understand informal settlement growth patterns. To compute
this ratio, information on the informal settlement extent and impervious surface within
informal settlements over at least two time periods is required. This ratio can be used
to understand the density of building structures within informal settlements. We
investigated this ratio in a densely populated township in Tshwane Metropolitan
Municipality over a five-year interval between 2005 and 2020. Informal settlement
extent was generated using the OBIA technique, which uses asymmetry of image
objects to classify informal settlements. The impervious surface was mapped using a
ruleset that uses soil adjusted vegetation index (SAVI), border index and reflectance
of the blue band. The results show that the ratio of land consumption rate of informal
settlement to the impervious surface growth rate was 0.70 during the 2005-2010
interval, decreased substantially to -11.25 during the 2010-2015 interval and increased
to 0.85 during the 2015-2020 interval. This shows the impervious expansion rate of
informal settlements was higher than the densification rate between 2005 and 2010,
similarly between 2015 and 2020. However, the expansion rate was significantly
slower that the densification rate between 2010 and 2015. The results can be used to
support the management and planning of informal settlement upgrade projects and to

monitor progress made toward achieving SDGs.

Keywords: SDGs, informal settlement, growth patterns, impervious surface
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4.1 Introduction

Despite significant progress made toward upgrading informal settlements in the past
few decades, the number of people living in informal settlements continues to rise
(United Nations, 2015). The development of informal settlements results in unplanned
and unmanaged conversion of undeveloped land into settlements (Nassa and
Elsayed, 2018), contributing to the unmanaged and unplanned increase in land
consumption in urban areas which threatens sustainable development. According to
United Nations, sustainable development is achieved when the development meets
the needs of the present without compromising the ability of the future generation to
generate their own. The New Urban Agenda (NUA) adopted in 2016 recognizes
sustainable urban development as a key to achieving sustainable development
(United Nations, 2016b). In addition, NUA promotes the upgrading of slums or informal
settlements while containing urban sprawl (United Nations, 2016b). This is well-
aligned with the United Nations, Sustainable Development Goal (SDG) 11, which is
aimed at developing inclusive, safe, resilient, and sustainable cities and settlements
(United Nations, 2016a). Timely and high-quality data is required to accelerate the
implementation of these development agendas (United Nations, 2021). Aggregation
of some of the SDG indicators by social powers and settlement types gives insights to

redress inequalities (Kruk et al., 2018).

To track progress made towards achieving sustainable urbanization, countries or cities
are required to report on several indicators including SDG indicators 11.3.1 and 11.1.1.
Indicator 11.3.1 measures the ratio of land consumption rate to the population growth
rate (ratio of LCRPGR) whereas indicator 11.1.1 measures the proportion of people
living in informal settlements (UN-Habitat, 2018b). These indicators do not assess the
spatial extent or land consumption of informal settlements, creating a gap in the
information required to develop policies to better manage human settlement
developments and the land use efficiency of cities. In addition, these indicators use

population information which limits the ability for temporal analysis.

Remote sensing technology provides data to map and monitor urban land use
activities. Several studies have used satellite images to assess the urban growth of

cities in developing countries (Al-Bilbisi, 2019; Belal & Moghanm, 2011; Boori et al.,
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2015; Hegazy & Kaloop, 2015; Mudau et al., 2014). There has been a renewed interest
in the assessment of urban growth or land consumption influenced by the need for
cities or countries to report progress made towards achieving SDG 11 (Nicolau et al.,
2018; Mudau et al., 2020; Sharma et al., 2012; Rienow et al., 2022; Wang et al.,
2020).Advances in data extraction from satellite imagery have led to the development
of global data sets such as Global Human Settlement Layer (GHSL) (Pesaresi et al.,
2016) and World Settlement Footprint (WSF), (Marconcini and Gemeda, 2020) which
map and assess built-up growth patterns over the past few decades. These data sets
provide information to assess progress made in achieving sustainable urbanization.
Even though there has been an increase in the number of studies focusing on urban
growth or land consumption, limited studies focused on assessing informal settlement
growth (Abebe et al., 2019; Dubovyk et al., 2010; Maiya & Babu, 2018). This may be

attributed to the lack of automated tools to detect informal settlements.

Land consumption rate is measured by assessing the conversion of one urban land
use to another within an area of interest during a specified time interval (UN-Habitat,
2018b). Information on informal settlement growth is usually captured using data
collected during surveys such as censuses and household surveys. However, the
information on informal settlements is usually underestimated due to the fluidity of
informal settlements (Socio-Economic Rights Institute of South Africa, 2018; UN-
Habitat, 2004). The use of available gridded population information such as Gridded
Population of the World (GPW) (CIESIN, 2018) or Global Human Settlement-
Population (GHS-Pop) (European Commission Joint Research Centre, 2018) has

proven to underestimate the population in informal settlements (Thomson et al., 2021).

To address the gap in information relating to informal settlements, several studies
have attempted to develop methodologies to detect informal settlements from other
land use classes using high to very high spatial resolution images. Many studies
investigated the use of object-based image analysis (OBIA) techniques which use
textural or morphological features to classify informal settlements (Hofmann et al.
2001; Hofmann et al. 2008; Jain, 2007; Kohli et al., 2012). The results achieved using
these techniques vary from one geographic area, in some cases within a city due to
varying physical characteristics of informal settlements. Recent studies on informal

settlement detection have tested deep machine learning techniques such as
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convolutional neural network (CNN) and very high spatial resolution imagery to detect
informal settlements (Ajayakumar et al., 2021; Maiya & Babu, 2018). These
techniques have the potential of improving the accuracy of informal settlement
detection compared to other machine learning techniques such as Support Vector
Machine (Gram-Hansen et al., 2019; Maiya & Babu, 2018). The use of polymetric SAR
data has the potential of detecting informal settlements with acceptable accuracy
(Wurm et al., 2017). The use of the Geographic Informal System (GIS) and
crowdsourced data to assess informal settlements on a global scale is gaining some
momentum recently (Samper et al., 2020; Soman et al., 2020). Even though a lot of
progress has been made toward detecting informal settlements, a fully automated
methodology for informal settlement detection from satellite imagery still does not

exist.

To address the knowledge gap in the land consumption of informal settlements, this
study develops a ratio of informal settlement land consumption rate to the
imperviousness growth rate. This ratio measures the rate of expansion and
densification of informal settlements which contributes critical information required for
the planning of informal settlements upgrade projects. The study is aimed at assessing
this indicator in Mamelodi, Pretoria, South Africa, over the 2005-2010, 2010-2015 and

2015-2020 intervals using very high spatial resolution satellite imagery.

4.2 Study area

The study area is in Mamelodi township, located in the City of Tshwane Metropolitan
Municipality, South Africa (Figure 4-1). The township is located about 23 km from the
city and is one of the ten biggest townships in South Africa with a population of almost
350 000 in 2011 (Statistics South Africa, 2011). According to Statistics South Africa,
about 18.8% of households in Mamelodi township were informal (excluding backyard
shacks) in 2011 (Statistics South Africa, 2016). Mamelodi township was established
in 1953 in Vlakfontein farm as a labor reservoir of Pretoria (Hund & Kotu-Rammopo,
1983). The first informal settlement was developed in the eastern part of the township
where informal settlements continue to develop. The study area covered the eastern

part of Mamelodi township.
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Figure 4-1: Location of the study area

4.3 Data

We used Quickbird 2 and WorldView 2 images captured on 27 May 2005, 16 June
2010, 29 July 2015 and 06 May 2020. Table 4-1 describes the bands and spatial
resolution of Quickbird 2 and WorldView 2. The images were sourced from the South

African National Space Agency. The images were received georeferenced to a

geographic coordinate system, WGS 84 Datum and WGS 84 Spheroid.

Table 4-1: Band properties of Quickbird 2 and WorldView 2 sensors

Band name Bandwidth (nm) Spatial resolution(m)
Quickbird 2

Blue 450- 520 24
Green 520-600 2.4
Red 630-690 24
Near Infrared 760-900 2.4
Panchromatic 450-900 0.61
WorldView 2

Blue 450-510 1.8
Green 510-580 1.8
Red 630-690 1.8
Near Infrared 770-895 1.8
Panchromatic 450-800 0.46
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4.4 Methodology

4.4.1 Data preparation

The first step conducted before the image classification process was the
pansharpening of the multispectral images. The pansharpening process is a pixel-
level fusion technique that enhances the spatial resolution of a multispectral image
using a high spatial resolution panchromatic image. In this study, we used the Gram-
Schmidt image fusion technique. The Gram-Schmidt technique has been widely used
for pansharpening WorldView images as it improves the spatial resolution and
preserves the spectral information of the input images compared to other image fusion
techniques (Panigrahi et al., 2021; Snehmani et al., 2017; Yilmaz et al., 2020). The
pansharpening process was done using ArcMap 10.3 software, ESRI.

4.4.2 Investigation of segmentation parameters for informal and formal

settlements

The classification of informal from formal settlements was done to derive the informal
settlement extent for the four years. The classification was done using Trimble
eCognition software. The OBIA classification method was used to classify informal
from formal settlements. The most important step followed in the OBIA classification
technique is image segmentation. Image segmentation partitions an image into
meaningful image objects required for classification or image interpretation (Baatz,
2000). To determine the best segmentation parameters to generate formal and
informal settlement image objects, we evaluated the use of the multiresolution
segmentation method with scale parameters of 100, 150 and 200, shape values of 0.5
and 0.7 and compactness values of 0.5 and 0.7. The quality assessment of segmented
image objects was done using area fit index (Lucieer, 2004). Twenty reference

polygons were created and assessed against segmented image objects.

4.4.3 Classification of formal and informal settlements

The classification of informal from formal settlements was done to derive the informal
settlement extent for the four years. The classification was done using Trimble
eCognition software. The object-based image analysis classification method was used
to classify informal from formal settlements. The most important step followed in the

OBIA classification technique is image segmentation. Image segmentation partitions
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an image into meaningful image objects required for classification or image
interpretation (Baatz, 2000). To determine the best segmentation parameters to
generate formal and informal settlement image objects, we evaluated the use of the
multiresolution segmentation method with scale parameters of 100, 150 and 200,
shape values of 0.5 and 0.7 and compactness values of 0.5 and 0.7. The quality
assessment of segmented image objects was done using Area Fit Index (Lucieer,
2004). Twenty reference polygons were created and assessed against segmented

image objects.

4.4.4 Classification of impervious surface in informal settlements

We used the area covered by building structures to measure impervious surfaces in
informal settlements. The main anthropogenic features in the informal settlements in
the study area are building structures. The image objects created using multiresolution
segmentation technique with a scale parameter of 15, shape and compactness values
of 0.5 created in 4.2, were used to classify buildings and other land-use features. A
ruleset that uses the soil-adjusted vegetation index (SAVI), border index and
radiometric values of the blue band was used during the classification. The SAVI
measures live green vegetation with a reduced impact of soil properties (Xue & Su,
2017). Impervious surfaces are expected to have lower values of SAVI than other land
use features in informal settlements. The shadows and darker land use features also
exhibit lower SAVI values causing confusion between building structures and other
land use features. The shadows and other dark objects reflect lower in the blue band
compared to the roofs of building structures. The border index was used to remove
the confusion between some open spaces and building structures. Building structures

have a lower border index compared to big open spaces.

4.45 The ratio of IS_LCRIGR

The computation of the ratio of LCRPGR, SDG indicator 1.3.1 requires information on
urban extent and population. Population information of informal settlements is usually
non-existent or outdated, limiting the information that can be generated on the
population density in informal settlements. We, therefore, propose a ratio to estimate
the density of dwelling structures in informal settlements using satellite imagery. This
ratio quantifies the rate at which the informal settlement expansion is taking place

against the rate of impervious surface development in an informal settlement. We
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assessed IS LCRIGR for 2005-2010, 2010-2015 and 2015-2020 intervals. To
calculate the Ratio of IS_LCRIGR, we propose the following formula:

IS_LCRIGR =LCR/IGR (4-1)

Where LCR is the land consumption rate of informal settlement and is calculated as follows:

IS_LCR= In (ISu1/ IS)ly (4-2)
Where ISt is the extent of the informal settlement at the initial period, IS is the extent of informal
settlements at the current year and y is the number of years between two intervals. The IGR is the

imperviousness growth rate and is calculated as follows:

IGR=In (Img1 / Img)ly (4-3)
Where Imt is the impervious surface at the initial year, Imt.1 is the impervious surface at the current year

and y is the number of years between two intervals.

The higher value of the ratio of IS_LCRIGR means that the expansion growth rate of
informal settlement is higher than the impervious surface growth rate whereas the
lower ratio value means that the imperviousness growth rate is higher than the informal
settlement land consumption rate. The latter means that higher structure densification
was observed during the period of assessment. The analysis of the ratio of
IS_LCRIGR can help identify areas with higher informal expansion rates compared to

settlements that are densifying in terms of building structures.

4.4.6 Accuracy assessment

The accuracy assessment of informal settlements and the impervious surface was
done by assessing manually mapped informal settlements and dwelling structures with
the classification results. We assessed the overall, producer and user accuracies

using Trimble eCognition software (Definiens, 2007).
4.5 Results

4.5.1 Investigation of segmentation parameters for informal and formal

settlements

The multiresolution segmentation with scale parameter of 100, 150 or 200, shape
values of 0.5 or 0.7 and compactness values of 0.5 or 0.7 resulted in over-
segmentation of informal settlement image objects, leading to negative area fit index
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values, Figure 4-2. The use of scale parameters of 100 and 150, shape and
compactness values of 0.5 resulted in area fit index values of -0.21 and -0.23
respectively whereas the use of scale parameter of 200 resulted in an area fit index of
-0.44. We, therefore, used a multiresolution segmentation algorithm with the scale
parameter of 100 and shape and compactness values of 0.5 to segment the image
into land use objects.

Segmentation parameters assessment results

B Shape: 0.5 Compactness: 0.5 B Shape: 0.7 ompacteness: 0.5

Area Fix Index

100 150 200

Scale Parameter

Figure 4-2: Segmentation parameters assessment results

Over-segmentation of informal settlements in the study area may be due to the lower
density of some of the patches of informal settlements, Figure 4-3, whereas under-
segmentation was also observed in a few cases where informal settlement objects
were merged with formal settlements and larger open spaces. In other cases, the

informal settlement objects were merged with formal areas or large open spaces.
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2005 formal and informal setflemants image objects

Figure 4-3: Segmentation results over 2005 WorldView 2 image
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4.5.2 Segmentation of building and other land use structures

The multiresolution segmentation process using scale parameter of 15, shape value
of 0.5 and compactness value of 0.5, was able to create land use objects which
represent buildings and other land-use features. The image objects created were
sufficient to generate shape texture to classify informal from formal settlements and to
classify impervious surfaces within informal settlements, Figure 4-4. Most of the
building structures in informal areas have gable roofs, resulting in over-segmentation

of the building structures.
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Figure 4-4: Segmentation results: buildings and other land-use image objects



The building structure image objects in informal settlements mostly represented
individual structures. There were, however, areas in both formal and informal
settlements where more than one dwelling structure formed part of one image object.
There were also areas where building structure objects contained other land use

features such as road objects. That was observed mainly in formal areas.

4.5.3 Investigation of features to classify formal and informal settlements

The results of the class divergence assessment show that the shape texture based
on asymmetry of land use sub-objects created in section 4.5.2 was able to distinguish
formal and informal settlements better than shape texture based on direction, density
and area of sub-objects as confirmed by lower overlapping area of the two classes.
This may be attributed to the fact that the formal areas contain regular road network
whereas informal settlements have unpaved and irregular road network. The shape
texture based on area, direction and density of sub-objects resulted in higher

divergence of the two classes of 80 - 100%, Figure 4-5.

Density
1

0,8
062,

""0,4 .
0,2

AreaQ': 0 . Asymmetry

Direction

Figure 4-5 : Divergence assessment results

The divergence values resulting from the use of area texture may be influenced by
over-segmentation of formal building structures which resulted in formal structures
having two or more image objects. The same effect may be attributing to the poor
performance of direction texture. The poor performance of shape texture of density

may be attributed to the fact that the formal settlements contain a high density of
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building structures due to smaller sizes of yards in the study area. Some of the formal
areas also contain backyard shacks which may lead to similar values of structure
density and direction in both formal and informal settlements. We used shape texture
based on the asymmetry of land-use image objects to classify formal and informal

settlements.

45.4 Classification of informal settlements

The shape texture based on the asymmetry of land use objects was successful in
separating informal and formal settlements, Figure 4-6 and Figure 4-7. The success
of shape texture based on asymmetry in separating the formal and informal
settlements is influenced by the lack of elongated structures such as roads or
buildings with long roofs in informal settlements. Informal settlements in the study
area have lower values of shape texture based on asymmetry of land use objects
compared to formal areas. Formal settlements in the study area have regular road
networks which resulted in the creation of longer linear objects during segmentation.
There were, however, few areas where the formal areas were misclassified as
informal settlements. This can be attributed to the fact that some formal areas contain
smaller building structures, mostly shacks, which are found in informal settlements.
Errors of omission were observed in areas where some of the informal settlement

objects contained bigger open spaces or road segments.
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Informal settlements

Informal settlements

Figure 4-7: Zoom-in pictures of the detected informal settlement for 2005 (A), 2010 (B), 2015 (C) and
2020 (D) over a 2020 image
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4.5.5 Informal settlement growth rate

The area covered by informal settlements more than doubled during the 15 years of
assessment, Table 4-2. The analysis of the results shows that the informal
settlements were mainly found in the northern and the eastern part of the study area
in 2005 and have been continuing to grow mostly in the eastern and the southern
parts of the study area during the period of assessment. The results show that there
was an increase of 1.07 km? in the extent of informal settlements between 2005 and
2010.

Table 4-2: Informal settlement extent and impervious surface classification result in 2005, 2010,2015
and 2020.

Year Informal settlement extent (km?) Impervious surface (km?)
2005 6.47 1.07
2010 7.54 2.57
2015 7.98 2.53
2020 15.16 4.22

The expansion of informal settlements was observed in the eastern part of the study
area between 2005 and 2010. The informal settlement extent remained nearly the
same between 2010 and 2015, with an increase of only 0.44 km?. The 2015-2020
period saw the highest increase in the extent of 7.18 km?, almost double the extent
of informal settlements in 2015. The growth between 2015 and 2020 was mainly in

the south-eastern part of the study area.

Informal settlement growth rate decreased from 0.21 to 0.09 over the 2005-2010 and
2010-2015 intervals. The 2015-2020 period saw a rise in the informal settlement
growth rate of 1.44 from 0.9 experienced during the 2010-2015 period, Table 4-3.

Table 4-3: Informal settlement extent growth rates of 2005-2010, 2010-2015 and 2015-2022 time

intervals

Period Informal settlement growth rate
2005-2010 0.21
2010-2015 0.09
2015-2020 1.44
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4.5.6 Impervious surface growth rates

The amount of impervious surface within informal settlements more than doubled in
size between 2005 and 2010, from 1.07 km? to 2.57 km?, Table 4-4. The impervious
surface almost doubled between 2015 and 2020. The growth may be attributed to the
high rate of informal settlement growth during the same period. The proportion of
impervious surfaces within informal settlements increased by more than 100%
between 2005 and 2010, from 16.54% to 34.08% and slightly decreased from 31.70%
in 2015 and 27.84% in 2020, Table 4-4. The decline in impervious surface could be

attributed to moving of people from flood risk areas to other areas.

Table 4-4: Imperviousness growth rate of 2005-2010, 2010-2015 and 2015-2020 time intervals

Period Imperviousness growth rate
2005-2010 0.175

2010-2015 -0.003

2015-2020 0.128

The imperviousness growth rate slightly decreased during the period of assessment
from 0.175 to 0.128, Figure 4-8. This can imply that the informal settlements
developed between 2015 and 2020 had a slightly lower density of impervious
surfaces compared to those developed between 2005 and 2010.

Figure 4-8: Impervious surface for 2005, 2010, 2015 and 2020
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The results show that informal settlements developed between 2010 and 2020
contained a lower density of impervious surface compared to those that existed in
2005.

45.7 The ratio of Informal Settlement Land Consumption Rate to
Imperviousness Growth Rate (IS_LCRIGR)

The Ratio of IS_LCRIGR in the study area decreased significantly from 0.70 to -11.25
over the 2005-2010 to 2010-2015 period Table 4-5 . The 2010-2015 period saw the
lowest ratio of informal settlement growth rate and imperviousness growth rate. The
negative value of the ratio between 2010 and 2015 is influenced by the decline in
impervious surface area in the study area. Overall, the results show that there was a
slight increase in the expansion of informal settlement with the lower density of

impervious surface over the periods of assessment.

Table 4-5: Ratio of Informal Settlement land Consumption Rate to Imperviousness Growth Rate results

Period Ratio of IS_LCRIGR
2005-2010 0.70

2010-2015 -11.25

2015-2020 0.85

The lower ratio of IS LCRIGR between 2005 and 2010 means that the
imperviousness growth rate was higher than the informal extent growth rate during
the period. This may mean that the informal settlements were densifying at a higher
rate than the expansion of informal settlements. The 2015-2020 period saw the
highest value of the ratio of IS _ LCRPGR of more than one compared to the other
two-time intervals. This means that the rate of expansion during the period assessed
was higher than the rate of development of impervious surfaces. The results can
imply that informal settlements developed during this period were not densifying at a
faster rate compared to informal settlement expansion and to those developed
between 2005 and 2010. Overall, the results show that there was a significant
increase in the expansion of informal settlements with a lower density of impervious

surfaces over the period under review.
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4.5.8 Quality assurance

Table 4-6 shows accuracy assessment results achieved in the classification of
informal settlements and impervious surfaces within the informal settlements. The
overall accuracy of 84.8%-96.4% was achieved in the classification of informal from
formal settlements. The success of asymmetry in the detection of informal from
formal settlements can be attributed to the lack of road infrastructure in most informal
settlements within the study area. Another factor that may have influenced the
effectiveness of asymmetry is that most of the roofs of the dwelling structures within
informal settlements contain various materials such as stones, wood and clothes
which results in a non-linear roof outline, hence, lower asymmetry values in informal
settlements. The lower user accuracy in 2005 may be attributed to the fact that some
of the formal settlements with regular road networks had shacks as dwelling
structures that produced fewer elongated shapes resulting in lower asymmetry

values.

An overall accuracy of between 80.1% and 96.4% was achieved during the
classification of impervious surfaces in informal settlements. The lower producer
accuracies of the impervious surface may be influenced by the diversity of materials
found in the roofs of some dwelling structures in informal settlements which resulted

in higher SAVI values compared to other dwelling structures.

Table 4-6: Informal settlement and buildings accuracy assessment

Year (%) Producer (%) User Accuracy (%) Overall accuracy
Accuracy

2005

Informal settlements 94.7 75.0 84.8
Impervious surface 85.0 95.3 86.5
2010

Informal settlements 90.7 954 90.6
Impervious surface 96.0 96.8 96.4
2015

Informal settlements 98.8 87.5 92.3
Impervious surface 75.3 96.2 80.5
2020

Informal settlements 98.0 96.2 96.4
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Impervious surface 88.1 96.6 89.1

4.6 Discussions

The success of sustainable development goals is highly dependent on the availability
of accurate and consistent data used during the planning and monitoring of
development solutions. The advent of very high spatial resolution sensors provides
the base data required to understand informal settlement growth patterns. The
computation of the proposed development indicator, the ratio of (IS_LCRIGR),

requires information on the extent of informal settlements.

The study used shape texture based on sub-objects to distinguish informal from
formal settlements. Several studies have investigated the use of spectral-based
textures such as grey level co-occurrence matrix (GLCM) (Haralick et al., 1973), to
detect informal settlements (Fallatah et al., 2019b; Girija & Nikhila, 2018; Kuffer et
al.,2016; Mudau & Mhangara, 2021b). The performance of the pixel-based textural
analysis in informal settlements depends on the land use and roof material of informal
settlement structures. The study demonstrated that the use of object-based
asymmetry has the potential of detecting informal settlements from formal
settlements using very high spatial resolution satellite images as demonstrated by
higher producer accuracy overall the years investigated, providing essential

information required to compute the proposed ratio.

The study shows that the extent of the informal settlements in the study area more
than doubled between 2005 and 2020 whereas imperviousness in informal
settlements almost quadrupled during the same period. Even though there has been
an increase in the number of government-subsidized houses, the number of
households living in informal settlements continues to rise (Statistics South Africa,
2020). Unfortunately, the GHS information is not published at a settlement scale to

allow comparison between household surveys and the results achieved in this study.

The assessment of the ratio of IS_LCRIGR shows that the growth rate of informal
settlement expansion was slightly lower than the growth rate of imperviousness in
informal settlements. However, the higher increase of the IS_LCRIGR between 2015

and 2020 indicates that the area is experiencing increased informal settlements
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expansion with a lower density of imperviousness. Since this analysis only focused
on informal settlements, the results suggest that the informal settlements developed
during the period of assessment may be suitable for insitu upgrade or temporal
services depending on the environmental conditions. This can also mean that the
informal settlements have a lower risk of being affected by shack fire compared to
informal settlements with a higher density of shacks.

Sustainable Development Goal 11 suggests that formal densification is a sign of
sustainability of a city while informal settlements with a lower density of dwelling
structures may be preferred to ensure safety and provision of services. Health
pandemics such as Coronavirus disease 19 require reasonable spaces between
structures in informal settlements. The area assessed forms part of the City of
Tshwane, one of the cities that are experiencing higher urban expansion rates than
population growth rates (Mudau, et al., 2020). Even though the study did not assess
all the informal settlements in the city, the results show that higher values of LCRPGR
may be desirable in certain settlement types. Hence, a decision that can be made
based on the ratio of LCRPGR of a city may have a negative effect on other
settlement types. Even though the proposed indicator does not consider the
population growth rates, it provides additional information on the spatial distribution
of building strictures in informal settlements and the extent of informal settlements
that can be used to support decision-making. The derived information can also
complement the reporting of SDG 11.1.1 which does not consider the spatial extent

of informal settlements.

Cities are experiencing urban extent and population growth due to several social,
environmental and political factors. Previous studies have shown that land use
efficiency and the ratio of LCRPGR differ from one city to another even when
assessing cities within the same population category (Mudau, et al., 2020) (Laituri, et
al., 2021). The information provided in these studies provides useful information on
the relationship between urban expansion and population, however, more
information on the type of development, e.g. informal, formal or rural needs to be
assessed to better understand urbanization and to provide local authorities with the
information required during the implementation of sustainable development solutions.

Since population information in informal settlements is usually underestimated, the
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proposed indicator can be a sub-indicator of SDG indicators 11.3.1 and 11.1.1 which
can be generated in the absence of population information, providing valuable

information to support SDG reporting and management of informal settlements.

4.7 Conclusions

The study investigated and proposed a new land use efficiency indicator that uses
very high spatial resolution imagery to generate the information required to
understand informal settlement growth patterns. Understanding informal settlement
growth patterns in terms of the extent and imperviousness of informal settlements
can help in the management of informal settlements and planning of informal
settlement upgrade projects. The proposed indicator can be used as a sub-indicator
of SDG indicator 11.3.1 to generate more information about land use consumption
and patterns in the cities. The ratio of informal settlement land consumption rate to
imperviousness growth rate can also be used to support tracking progress made
towards achieving SDG target 11.1. The proposed ratio does not require the use of
demographic data and therefore could be computed regularly to support decision-
making and monitoring of progress made towards the upgrading of informal

settlements.
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Chapter 5 UNDERSTANDING SPATIAL PATTERNS OF
BACKYARD SHACKS USING LANDSCAPE METRICS

This chapter is based on the following manuscript:

Mudau N., Mhangara P., (2023), Understanding spatial patterns of backyard shacks
using landscape metrics using unmanned aerial vehicle image products; Drones;
https://doi.org/10.3390/drones709
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Abstract
Urban informality in developing economies like South Africa takes two forms:

freestanding shacks are built in informal settlements, and backyard shacks are built
in the yard of a formal house. The latter is evident in established townships around
South African cities. In contrast to freestanding shacks, the number of backyard
shacks has increased significantly in recent years. The study assessed the spatial
patterns of backyard shacks in a formal settlement containing low-cost government
houses (LCHs) using Unmanned Aerial Vehicle (UAV) products and landscape
metrics. The backyard shacks were mapped using Object-Based Image Analysis
(OBIA), which uses height information, vegetation index, and radiometric values. We
assessed the effectiveness of rule-based and Random Forest (RF) OBIA techniques
in detecting formal and informal structures. Informal structures were further classified
as backyard shacks using spatial analysis. The spatial patterns of backyard shacks
were assessed using eight shapes, aggregation, and landscape metrics. The
analysis of the shape metrics shows that the backyard shacks are primarily square,
as confirmed by a higher shape index value and a lower fractional dimension index
value. The contiguity index of backyard shack patches is 0.6. The values of the shape
metrics of backyard shacks were almost the same as those of formal and informal
dwelling structures. The values of the assessed aggregation metrics of backyard
shacks were more distinct from formal and informal structures compared with the
shape metrics. The aggregation metrics show that the backyard shacks are less
connected, less dense, and more isolated from each other compared with formal and
freestanding shacks. The Shannon’s Diversity Index and Simpson’s Evenness Index
values of informal settlements and formal areas with backyard shacks are almost the
same. This means that the relative representation of these structures in the study
area is almost the same. The results achieved in this study can be used to understand

and manage informality in formal settlements.

Keywords: Backyard shacks, informal settlements, UAVs
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5.1 Introduction

The proportion of people living in urban areas is expected to increase to 70% in 2030
(UN-Habitat, 2022). Most of this growth is expected to occur in developing countries
already struggling with the increased expansion of informal settlements or slums and
overburdened infrastructure (UN-Habitat, 2022). There is an increasing demand for
accurate and timely information regarding the extent, environmental, and
socioeconomic characteristics of urban areas and settlements to support the planning
and development of evidence-based policies (Jing et al., 2023).

Countries like South Africa, which struggle with rapid informal settlement
developments, also battle with the development of shacks in the backyard of formal
dwelling structures known as backyard shacks (Turok & Borel-Saladin, 2016).
Backyard shacks are primarily found in townships around cities, home to medium-to-
low-income populations (Shapurjee et al., 2014), and have become the most
prevalent and fast-growing form of informal rental housing (Turok & Borel-Saladin,
2016). The growth of backyard shacks can be attributed to urban-rural migration, the
lack of affordable rental opportunities in the cities, and the slower rate of house
provisions for people experiencing poverty. Backyard shacks do not have direct
access to essential services but generally have access to services from the existing
formal property (Mahlakanya & Willemse, 2022).

Most occupants have more formal jobs than those living in informal settlements (de
Kadt et al., 2021). Accessing services from a formal property attracts more people to
move or rent backyard shacks than to stay in informal settlements (South African
Local Government Agency, 2014). The development of backyard shacks is also
observed in newly developed government-subsidized low-cost houses, as many
beneficiaries of the houses are unemployed and end up renting out their backyards
to generate income, creating informality in formal area (Bank, 2007). Information on
backyard shacks is usually captured during censuses (Statistics South Africa, 2016),

resulting in temporal gaps.

Unmanned Aerial Vehicles (UAV) or drone technology provide more evidence-based

decision-making and accurate spatial information than conventional remote sensing
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techniques (Chaudhry et al., 2020; Gevaert et al., 2016; Preethi et al., 2019). The
UAV mapping technology provides products such as 2D orthophotos, digital surface
terrain models (DTM), digital surface models (DSM), and 3D point cloud data. The
use of these products in geospatial applications has been on the rise in recent years.
This may be attributed to reduced costs relating to drone operations compared with
ground surveys (Koeva et al., 2018). Drone technology provides imagery with very
high spatial resolution at sub-decimeters compared with satellte and aerial
observations (Gevaert et al., 2016; Ruwaimana et al., 2018). In addition, drone
technology can provide high-temporal-resolution imagery required for accurate and
on-demand spatial data to support urban planning and infrastructure monitoring
(Noor et al., 2018). Another advantage of drones is their flexibility to define spatial
and temporal resolutions of images depending on the applications (Shapurjee et al.,
2014).

Integrating 3D information in urban land use mapping increases classification
accuracy by reducing some of the challenges posed by 2D images, such as spectral
signature confusion (Mugiraneza et al., 2019; Myint et al., 2011). Several studies
have investigated building morphology using 3D information from LiDAR or
orthophotos (Huang et al., 2017; Lu et al., 2014; Mitra & Aithal, 2020). Other studies
have extracted or assessed topographic information using UAV product (Sibaruddin
etal., 2018; Teng et al., 2022). The high spatial resolution data and height information
provided by drone images provide detailed information to classify and assess land-
use changes in informal settlements compared with aerial photography or satellite
imagery (Ashilah et al.,, 2021; Gevaert et al., 2020). Methodologies for the
classification of urban land use features using very high spatial resolution images
and 3D information include spatial pattern analysis (Lu et al., 2014), Object-Based
Image Analysis (OBIA) (Lu et al., 2014; Peeroo et al., 2017; Sibaruddin et al., 2018),
and machine learning techniques (Shih et al., 2022; Touzani et al., 2023; Wu et al.,
2019).

Spatial information on housing informality, i.e., free-standing informal structures and
backyard shacks, is crucial for effective planning, decision-making, and interventions
toward improving the lives of people living in informal settlements (Housing

Development Agency, 2012). Even though several studies have focused on
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developing tools to map and monitor informal settlements (Fallatah et al., 2020; Kohli,
2015b; Kuffer & Barros, 2011; Leonita et al., 2018; Mudau & Mhangara, 2021a),
limited studies have focused on mapping backyard shacks (Shapurjee et al., 2014).
Understanding the spatial patterns of informal settlement structures can help develop
the required emergency responses during health, natural, and man-made disasters
(Abunyewah et al., 2018).

The objectives of this paper are threefold: firstly, to investigate a methodology to map
land-use features in an area that has both informal and formal settlements with
backyard shacks using 2D and 3D information acquired by UAV, and secondly, to
assess the spatial pattern of backyard shacks using landscape metrics. Lastly, the
study assesses the degree of association between selected shape and aggregation

metrics.

5.2 Study area

The study area is in Mamelodi Township, in the City of Tshwane Metropolitan
Municipality. The rapid growth of informal settlements and backyard shacks is a
problem in South Africa’s big cities, including the City of Tshwane (City of Tshwane,
2020). In 2013, about 83,378 households in the City of Tshwane lived in backyard
shack (Department of Cooperative Governance and the Department of Traditional
Affairs, 2020b). The number of backyard shacks in the City of Tshwane increased by
almost 400% between 2001 and 2011 (GCRO, 2018). The backyard shacks contain
similar physical characteristics to informal settlement dwelling structures (Statistics
South Africa, 2016). The study area contains single-story government-subsidized
houses, low-cost houses, backyard shacks, and freestanding shacks. The formal

area also contains “backrooms” houses.

5.3 Data

Drone Solutions International flew the drone images on 11 December 2020.
Table 5-1 contains information about the drone used and the parameters of the flight

plan.
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Table 5-1. The drone specifications and the flight plan parameters.

Characteristic Specification

Camera Sony A6000, 20 mm lens
Altitude 120 m

Side lap 80%

Forward lap 80%

Spatial resolution 3 cm

Ground control points 29

Imagery bands Red (R), Green (G), Blue (B)

The images were received as orthophotos. The images, DSM, and DTM were
processed and projected to the Transverse Mercator, Lo 29°, and Hartebeeshoek
Datum. Figure 5-1, Figure 5-2 and Figure 5-3 show the orthophoto, DSM, and DTM
used in this study.

Figure 5-1. An RGB orthophoto of the study area, showing formal settlement with backyard shacks

and informal settlements.
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Figure 5-2. A DSM of the study area, generated using data collected during the flyover.
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Figure 5-3: DTM of the study area, generated using data collected during the flyover.
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5.4 Methodology

The methodology followed in this study is shown in Figure 5-4. The workflow contains
four main steps: estimation of height values, classification of informal and formal
structures, classification of backyard shacks, and assessment of spatial patterns of

informal, backyard shacks, and formal settlements.

Image
segmentation

Image

Orthophoto classification

DSM , Height . Image

estimation classification

Evaluation of RF
and Random
Forest classifier

Classification of
backyard shacks

Landscape
analysis

Figure 5-4: Flowchart illustrating the methodology followed to extract backyard shacks and assess the

spatial patterns of backyard shacks and informal settlement dwelling structure.

5.4.1 Classification of Formal and Informal Building Structures

Image classification was completed using Trimble eCognition Software 10.2. We
used the OBIA technique to classify land use features in the study area. Unlike pixel
based classification, OBIA techniques use spectral, spatial, topographical, and
contextual information to classify land cover and land use objects. These techniques
have been used in urban land use mapping and provide better results than pixel-

based classification methods.

The first step in OBIA classification is the segmentation of an image into image

objects that represent the objects of interest. The multiresolution segmentation
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algorithm created image objects representing land use features in the study area.
Multiresolution segmentation is a bottom-up, region-merging technique that
segments an image into image objects of homogeneous regions at any given
resolution (Baatz, 2000). In the eCognition environment, the size of image objects
resulting from the multiresolution segmentation algorithm is determined by scale
parameters, shape, and compactness values. The ortho photo’s spectral bands, i.e.,
R, G, and B, were used with equal weight during segmentation. We used a
supervised segmentation process to determine the parameters that best separate
informal and formal dwelling structures. A supervised segmentation approach is a
trial and error approach that allows the user to test the segmentation parameters and
compare the results with expected objects via visual image recognition (Mitra &
Aithal, 2020). Scale parameter, shape, and compactness values of 60, 0.3, and 0.5,
respectively, were used during segmentation. To improve the quality of the image
objects, the spectral difference segmentation technique was applied to
multiresolution segmentation results to allow for the merging of spectrally similar
image objects, resulting in larger image objects representing the objects of interest.
The spectral difference threshold of 4 was selected using the supervised
segmentation method used during the multiresolution segmentation. We tested and
evaluated the effectiveness of the Random Forest (RF) Classifier and rule-based
classification technique that uses height information and OBIA to detect formal and

informal building structures.

5.4.2 Random Forest Classifier

Object-based machine learning algorithms are becoming an area of interest in feature
extraction (Fan et al., 2021; Jovanovi¢ et al., 2021; Norman et al., 2021). The RF
classification algorithm is an ensemble of decision trees trained using a combination
of learning models (Breiman, 2001). An RF classifier is defined as a classifier made
up of several tree-structured classifiers {h(x, ©«); k = 1,...} where x is the input vector
and {O«} are the independent and identically distributed random vectors (Breiman,
2001).

The classification was completed using the eCognition built-in RF classifier. We used
radiometric values, excess green vegetation (ExG) (Woebbecke, 1995), and

estimated height information during classification. We used 16 maximum categories,
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50 maximum trees, and 0.01 forest accuracy during the training of the RF classifier.
The height information was estimated by subtracting the DTM from the DSM. The
EXG index was suitable for the classification since the UAV imagery lacked the Near

Infrared (NIR) band. EXG is calculated as follows:

EXG=2G-R-B (5- 1)

Training samples representing informal, formal, tree, and grass classes were created
using visual image interpretation. 25 formal and 46 informal structures, 10 grass, and
19 tree samples were created and used as samples. The classification used the RGB
layers, height information, and ExG index. Maximum categories, maximum trees, and

forest accuracy of 16, 50, and 0.01 were used during the classification.

5.4.3 Rule-based classifier

A rule-based classifier makes a class decision based on “if-else” rules and is one of
the most commonly used object-based classification techniques. The rule-based
classification relies on expert knowledge of the classes under investigation. The rules
and facts about the objects under investigation are converted into a sequence of
logical statements (Kurfess, 2003). We developed a rule set that uses ExG and height
information to classify formal, informal, grass, and tree classes through visual
assessment. The classification was completed using a thresholding technique. The
first step performed was to classify vegetated and non-vegetated areas using ExG.
Vegetated areas have higher ExG values of 20 or higher than non-vegetated areas.

The vegetated areas were further classified into grass and trees using the estimated
height values. Vegetated areas with less than 1 m of height were classified as grass,
while those taller than 1 m were classified as trees. Building structures were
separated from non-vegetated areas by thresholding the height values. Non-
vegetated areas with less than 1 m height values were classified as open. Building
structures taller than 2.3 m were classified as formal dwelling structures, whereas
those shorter than 2.3 m were classified as informal dwelling structures. Formal and
informal dwelling structures were classified using estimated height information.
Formal structures are expected to be taller than informal settlement dwelling

structures.
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5.4.4 Classification of backyard shacks

Backyard shacks are informal dwelling structures in the yards of formal properties
and have the same properties as informal settlement dwelling structures. The
classification of backyard shacks was done using the classification results achieved
from a methodology that achieved higher accuracy. We developed a rule set that
uses contextual information to classify backyard shacks as informal settlement
dwelling structures. We used proximity to formal structures to classify backyard
shacks as freestanding, informal structures. The distance between formal structures
and backyard shacks was assessed visually and used to classify backyard shacks
as freestanding informal settlement structures. Backyard shacks are situated within

5 m of the formal dwelling structures.

5.4.5 Accuracy Assessment

The accuracy assessment of the classification results was done using the similarity
metrics of STEP (Shape, Theme, Edge and Position) (Lizarazo, 2014). The STEP
measures the accuracy of the boundaries of the classified objects compared with
reference shapes. The overall accuracy assessment was done by evaluating the
weighted theme error matrices. Reference objects were digitized using visual image
interpretation of the images due to a lack of ancillary data mapped at similar spatial
resolution and during the date of acquisition. A quality assessment was done in an

area that covers about 10% of the study area.

5.4.6 Spatial pattern analysis

We used landscape metrics to assess the characteristics and spatial patterns of
backyard shacks and formal and informal dwelling structures in the study area.
Landscape metrics have been widely used in landscape ecology to understand the
relationship between landscape patterns and ecological processes (Street et al.,
2016; Y. Zhang et al., 2021). Understanding the spatial patterns of land use activities
in a settlement or city can help manage a city or settlement and develop policies to
manage development in a city or settlement (Anderson & Bell, 2009; Zambrano et
al., 2021). In addition, understanding the spatial pattern of dwelling structures in
informal settlements can help improve decision-making when planning informal

settlement upgrade projects. Understanding the spatial patterns of land use can also
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help manage biodiversity in cities or settlements, which is crucial for achieving
sustainable development goals (Norton et al., 2016).

In this study, we assessed eight shape, aggregation, and landscape metrics to
analyze the shape and spatial patterns of the backyard shacks and informal and
formal structures. The metrics assessed are listed in Table 5-2.

Table 5-2: List of shape, aggregation and landscape metrics assessed

Landscape Metric type Landscape Metrics assessed

Shape Shape index (SHAPE)
Fractal Dimension Index (FRAC)
Continuity Index (CONTIG)

Landscape Simpson's diversity index (SIDI)
Shannon's Evenness Index (SEI)

Euclidean Nearest-Neighbour Distance

Aggregation Aggregation Index (Al)

Cohesion Index

We used Fragstats software (McGarigal & Marks, 1995) to derive and assess the
spatial metrics of backyard shacks. The shape and aggregation metrics were
assessed at the patch and class levels. The diversity analysis was done at the
settlement level, i.e., informal settlement and formal settlement with backyard shacks.
In addition, we used the Pearson correlation coefficient to assess the degree of
association between the shape and aggregation metrics of backyard shacks and
formal and informal dwelling structures. The Pearson correlation coefficient is a
statistical method that assesses the strength of a linear association between two
quantitative variables. The results of this analysis vary from +1 to -1, where +1
represents a strong positive association, whereas -1 represents a strong negative

association.
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5.5 Results and discussions

5.5.1 Image segmentation

The multiresolution segmentation with scale, shape, and compactness values of 60,
0.3, and 0.5, respectively, created images representing formal and informal building
structures and other land use features. Most of the building structures in informal
were over-segmented. The formal building structures were also over-segmented but
with bigger segments than the informal settlement structures. Some of the backrooms
were also over-segmented. The spectral difference segmentation technique reduced
the over-segmentation of some of the building structures (Figure 5-5). Most informal
settlement building structures continued to experience over-segmentation even after
applying the spectral difference segmentation algorithm. This may be attributed to
the heterogeneity of the roofing material of informal building structures. Some of the
roofs in informal settlements contained old, corrugated iron sheets, resulting in
different grayscale levels on one roof (Figure 5-5). The same results were observed
in some parts of the backrooms in the formal area. After applying spectral difference

segmentation, most formal structures were covered by one or two image objects.
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Figure 5-5: Zoom-in image of the spectral different segmentation results, threshold scale: 4.

5.5.2 Classification results

In this section, we compare the results achieved using RF and rule-based
classification techniques. The classification results of the RF classifier are shown
in Figure 5-6. The results show that the study area is mostly covered by building
structures compared with trees and grass classes. The backyard shacks are located
closer to the formal structures. The informal structures are located at the top right
corner of the study area. The assessment of the results shows that some of the formal
building structures were classified as informal dwelling structures or backyard
shacks. This is attributed to the misclassification of the backrooms as backyard
shacks, as some of the roofs of the backrooms contain old corrugated iron sheets
similar to those of informal building structures. Some of the pixels on the edges of the
formal building structures were misclassified as backyard shacks or trees. Some
fences around the formal areas, edges of trees, and shorter trees were misclassified
as grass. There were also a few cases where the edges of the trees were
misclassified as grass. In addition, some of the formal busing structures were
classified as informal settlement dwelling structures. This may be influenced by using

proximity measures to classify backyard shacks as informal settlement structures.
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Figure 5-6: Classification results achieved using RF classifier, after applying proximity analysis to

classify backyard shacks.

The rule-based classification techniqgue was able to separate backyard shacks,
formal and informal dwelling structures, grass, and tree classes with high accuracy
compared with the RF classifier (Figure 5-7). Most of the edges of the formal
structures were misclassified as backyard shacks compared with results achieved
using the RF classifier. There were a few cases where building structures were
misclassified as trees. Most informal settlement dwelling structures were correctly
classified. Some of the backyard shacks were misclassified as free-standing informal
settlement dwelling structures. This may be attributed to the use of proximity analysis
to classify backyard shacks as free-standing informal dwelling structures, as some of
the building structures in informal settlements are almost the same height as formal

structures.
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Figure 5-7: OBIA classification results achieved using rule-based classification techniques, after

applying proximity analysis to classify backyard shacks.

The tree class is scattered around both formal and informal settlements. The big
patches of trees and grasses are found on the top left, closer to informal settlement
structures. The separation of the green spaces from other classes is attributed to
using the ExG index used during the classification. The use of the ExG and height
information was able to separate the tree class from the grass class. There were,
however, areas where the shadows of the trees and fences were misclassified as
grass. The number of grass patches is limited in the study area. However, more grass
patches can be observed around the informal settlement. The tree class in formal
areas is located mainly in the streets, while the trees in informal settlements seem

more organic.

The RF classifier could not separate some informal settlement dwelling structures
from backroom structures, even though the two structures have different heights
(Figure 5-6). Spectral values might influence this during the RF learning process, as

the two dwelling types have similar spectral values. Therefore, using spatial analysis
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to classify backyard shacks resulted in some backroom structures being classified as
backyard shacks due to their proximity to formal dwelling structures. The rule-based
classification method, however, distinguished backroom structures from informal
settlement dwelling structures. The rule-based classification method also reduced the
confusion between formal and informal structures, thereby reducing the confusion
between backyard shacks and formal classes (Figure 5-7). There were, however, a
few cases where parts of informal settlement dwelling structures were classified as
formal during rule-based classification. This resulted in some informal settlement

dwelling structures being classified as backyard shacks.

Some of the edges of formal structures and trees were misclassified as informal
settlement structures or backyard shacks during the RF classification. This can be
attributed to creating image objects that combine the edges of the structures and
shadows, resulting in the average height of the structures being like that of informal
structures. Some man-made structures, such as cars, were also misclassified as
backyard shacks or informal settlement structures, as some of the cars have height

and spectral properties like those of informal dwelling structures.

5.5.3 Accuracy assessment

The STEP metrics assessment results for the RF classifier are shown in Table 5-3.
The STEP accuracy measurements range from 0 to 1, with O representing poor and
1 representing excellent. The similarity assessment results show that none of the
assessed metrics achieved excellent accuracy, i.e., a value of 1. The theme similarity
metric achieved higher accuracy than position, edges, and shape metrics, with the
backyard shacks class achieving the highest accuracy of 0.86 compared with other
classes. The results show that the shape similarity was poor for all the classes
produced during the RF classification method compared with edges and position

metrics.
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Table 5-3: STEP accuracy assessment results of land use classes derived using RF classifier.

Category Shape Theme Edge Position
Backyard shacks 0.28 0.86 0.59 0.29
Formal 0.27 0.49 0.33 0.34
Grass 0.07 0.10 0.07 0.08
Informal 0.35 0.67 0.41 0.46
Trees 0.44 0.84 0.49 0.73

The similarity assessment of classification results achieved using rule-based
classification techniques is shown in Table 5-4. The theme similarity assessment
results range from 0.61 to 0.85, presenting the most accurate metrics compared with
shape, edge, and position metrics. The shape, edges, and position similarity
assessment results achieved using the rule-based classification method were slightly

higher than the results achieved using the RF classifier.

Table 5-4: The STEP metrics assessment results of land use classes derived using rule-based

classification method.

Category Shape Theme Edge Position
Backyard shacks 0.22 0.74 0.50 0.34
Formal 0.42 0.83 0.57 0.43
Grass 0.44 0.61 0.43 0.46
Informal 0.33 0.71 0.42 0.49
Trees 0.48 0.85 0.49 0.75

The overall accuracy assessment of RF and rule-based classification results is shown
in Table 5-5. The overall quality assessment of the RF classifier was 60%, with
informal settlement dwelling structures achieving the highest producer and user
accuracy compared with formal and informal dwelling structures. The formal building
structure and grass classes achieved the lowest user accuracy of 12% and 11%,

respectively.

90



Table 5-5. The overall producer and user accuracy assessment results are based on the theme

similarity metric of the land use classes.

Class Random Forest Classifier Rule-Based Classification
Producer User Accuracy Producer |User Accuracy
Accuracy % % IAccuracy % (%

Backyard shacks 69 96 89 93

Formal 92 11 88 57

Grass 91 12 9 77

Informal 97 72 90 93

Trees 73 99 72 99

Overall accuracy % 50 5y

The overall accuracy theme similarity of the rule-based classifier was 82% (Table
5-5). These results are aligned with studies that assessed the use of UAV 2D and 3D
products and rule-based classification techniques to map urban land use features
(Christopher, 2019; Zahidi et al., 2015). Overall, the rule-based classification
produced higher producer and user accuracies of over 70%, except for the formal
class, which achieved a user accuracy of 57% compared with the RF classifier. The
informal settlement class achieved the highest overall accuracy of the building

structure classes.

5.5.4 Spatial pattern analysis
The spatial pattern analysis was done using the rule-based classification results. The
sections below describe the results obtained in assessing the shape, aggregation,

and landscape metrics.

5.5.4.1 Shape metrics

The patches of formal structures had an average shape index of 1.6, whereas the
backyard shack and informal classes had an average shape index of 1.4. The slightly
lower shape index value of backyard shacks and informal dwelling structures can be
attributed to the heterogeneous roof material, which resulted in multiple irregular
image object segments. A shape index of more than one means that the dwelling
building structure classes are mostly square. The visual interpretation of the results

shows that most of the backyard shacks are rectangular, especially those located on
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the sides of the formal structures. Formal structures are mostly square. The
backrooms seemed rectangular. The shapes of informal settlement dwelling
structures are mostly rectangular. The results achieved in this study show the
dependency of this metric on the accuracy of the shapes of the image objects created

during segmentation or used for analysis.

The average contiguity index of formal and informal class patches was 0.7, whereas
the contiguity index of backyard shacks was 0.6. The slightly lower contiguity index
implies that backyard shacks in the study areas share fewer edges than formal and
informal structures. The visual interpretation of the results shows that the study area
contained more formal structures than backyard shacks. The slightly higher value of
the contiguity index of formal structures in this study may be attributed to the

availability of backrooms that are classified as formal structures.

The average FRAC value of formal structures and backyard shacks was 1.2, whereas
the average FRAC value of informal structures was 1.1. These values show that the
dwelling structures in the study area have regular square shapes. Since the FRAC
index is based on patch area and perimeter and the shape accuracy of the informal
and backyard shacks was poor, the values of this index may change with improved

shape accuracy.

The evaluation of the degree of association of the shape metrics shows that the
CONTIG and Shape indices have an insignificant positive correlation with r, of 0.16.
The CONTIG and FRAC indices have an insignificant negative correlation coefficient
of —0.27. The shape and FRAC indices have a lower correlation coefficient of 0.45.

Overall, the assessed shape metrics are not strongly correlated.

5.5.4.2 Aggregation metrics

The results show that formal, informal, and backyard shack classes are connected,
as indicated by high cohesion index values (Table 5-6). The backyard shack class
seems less connected than the formal and informal classes. This can be attributed
to the lower density of shacks in the formal stand and the availability of backrooms,
which increase the average distance between backyard shacks. The availability of

regular roads may also increase the space between backyard shacks. The results
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show that informal dwelling structures are more connected than formal structures and
backyard shacks. The results imply that informal settlements have smaller yards or
stands than formal settlements. The narrow paths in informal settlements may also

contribute to a higher cohesion index in informal settlements.

Table 5-6: Class aggregation metrics

Euclidean

Class . . Cohesion Index IAggregation Index
Nearest-Neighbour Distance

Formal 142.023 83.39 80.75

Backyard shacks 147.610 73.71 57.7

Informal 116.553 89.54 80.74

The analysis of the ED shows that the backyard shacks have the highest mean ED,
followed by formal class and then informal class (Table 5-6). This shows that the
study area’s backyard shack class is less dense than other dwelling types. This could
be attributed to the fact that this class is in the yard of formal structures separated by
a formal road network. The lower mean ED of the informal class means dwelling
structures in informal settlement structures are closer to each other compared with
the formal and backyard shack classes. This shows that the informal structure class

is dense compared with the study area’s formal and backyard shack classes.

The average Al value of the backyard shacks class is significantly lower than those
of formal and informal structures (Table 5-6). This shows that backyard shack
structures are more isolated than formal and informal structures. The higher Al values
of formal and informal dwelling structures may be influenced by the availability of
backrooms, which increases the adjacency of formal structures and smaller yards in
informal settlements. The analysis of the degree of association shows the cohesion
index and ED of formal and informal settlement dwelling structures have a strong
negative correlation coefficient r of —0.88. In contrast, the cohesion index and Al have

a strong positive correlation coefficient of 0.92.

5.5.4.3 Landscape metrics
The SIDI values of the formal and informal settlements are 1.24 and 1.18. The lower
value of SIDI in the informal settlement may be attributed to the limited patches of

backyard shack class in informal settlements. The SIEI values of formal and informal
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settlements are 0.79 and 0.87, respectively. The slightly higher value of SIEI in
informal settlements is likely attributed to the limited patches of backyard shacks,

which increased the chance of equally spreading the classes in informal settlements.

5.6 Conclusions

The study demonstrated that 2D and 3D datasets acquired by UAV were successful
in capturing land use features in an area containing formal properties with backyard
shacks and informal settlements. The study shows that the rule-based classification
was more effective in classifying formal and informal settlement dwelling structures
than the RF classifier. The results show that both methodologies failed to extract
boundaries similar to reference data, as shown by poor edge, shape, and position
accuracy. The proximity analysis was successful in classifying backyard shacks as
free-standing informal dwelling structures. The assessment of the landscape metrics
showed that there is no significant difference in shape characteristics of backyard
shacks or formal and informal dwelling structures extracted. Since the shape index
metrics strongly depend on the shape of the objects assessed, there is a need to
investigate the methods that can improve the accuracy of the shapes produced
during segmentation and the impact of accurate shapes on shape metrics analysis.
The study revealed that the cohesion index, Al, and ED characteristics of backyard
shacks are more district compared with the shape metrics of formal and informal
structures. The results show backyard shacks are less connected than formal and
informal dwelling structures. Al showed an excellent split of the aggregation of
backyard shacks from other dwelling structures in the study. The degree of
association between aggregation metrics was significantly high. This means that the
aggregation metric may be used to classify backyard shacks as formal and informal

structures in a settlement with similar characteristics as the study area.

The results achieved in this study demonstrate that drone images and landscape
metrics can be used to map and derive new information on the spatial distribution of
backyard shacks and other building structures. The spatial patterns of backyard
shacks may vary from one settlement to the next due to several factors, including the
age of the township. The information derived from this study can be used to
understand the degree of informality in formal areas. This information can be used to

develop plans to formalize or manage backyard rentals in low-income formal areas.
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The information can also be used during the management of health pandemics such
as COVID-19, where spatial information, including the density of dwelling structures
and access to services, is required to support the management of the pandemic.
Spatial distribution of informal settlement dwelling structures is also required during
decision-making relating to fire disaster management, planning of services, and

upgrading or formalizing informal settlements and backyard shacks.
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Chapter 6 UNDERSTANDING THE ECOLOGICAL CONDITION
OF INFORMAL SETTLEMENTS USING THE SETTLEMENT
SURFACE ECOLOGICAL INDEX.

This chapter is based on the following manuscript:
Mudau N., Mhangara P., (2023), Understanding the ecological condition of informal

settlements using Settlement Surface Ecological Index; Land;
DOI: 10.3390/land12081622
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Abstract
To manage urban ecological ecosystems adequately, understanding the urban

areas’ biophysical characteristics is required. This study developed a settlement
surface ecological index (SSEI) using tree, soil, impervious surface and grass covers,
land surface temperature (LST), and soil moisture derived from Satellite Pour
L’Observation de la Terre (SPOT) 7 and Landsat 8 satellite images. The assessment
of the SSEI was conducted over twelve sites of 300 m by 300 m. The selected sites
contained formal and informal settlements of varying building densities. The SSEI
values ranged from -0.3 to 0.54. Seven assessed areas are in the worst ecological
condition with an SSEI below zero. Only three settlement types had an SSEI index
value of 0.2 and above, and two of these areas were informal settlements. The formal
low-density settlement with higher tree coverage displayed the highest index value
of 0.54, slightly higher than the medium-density informal settlement. Overall, there is
no significant difference in the SSEI values between the surface ecological condition
of formal and informal settlements. The results achieved in this study can be used to
understand urban ecology better and develop urban greening strategies at a city or

settlement level.

Keywords: informal settlements; land surface temperature; urban ecology
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6.1 Introduction

The urban ecosystem provides services that directly impact human health and
security, including runoff mitigation, urban cooling, and air purification (Bolund &
Hunhammar, 1999). The availability of vegetation in urban areas can help improve
air quality and reduce flood severity (Gallagher et al., 2015). In addition, improving
green infrastructure in informal settlements can help enhance social and cultural
interaction (Adegun, 2021; Haase et al., 2017). In addition, an increase in the
impervious surface and low vegetation cover negatively affects the local microclimate
and increases the formation of surface urban heat island (SUHI) (Morabito et al.,
2021). Exposure to excessive heat in certain areas can cause physiological and
socio-economic stress, amplify existing health issues, and increase premature death
or disability (Anderson & Bell, 2009). Populations in informal settlements are likely to
be affected the most by increased heat exposure as the dwelling structures in these
areas lack cooling services (Anderson & Bell, 2009; Ramsay et al., 2021).
Urbanization can also result in soil erosion or contamination, which may threaten
human health (Wang et al., 2018).

Satellite images have been widely used to assess and detect land use features such
as human settlement developments (Kemper et al., 2015; Marconcini et al., 2020;
Mudau et al., 2022), informal settlements (Gram-Hansen et al., 2019; Luo et al., 2022;
Owusu et al., 2021) and urban growth rates (Borana et al., 2020; Yadav & Ghosh,
2021). Vegetation cover and density of impervious surface are the two land cover
classes that have been thoroughly investigated in an attempt to automatically detect
informal settlements from satellite imagery (Fallatah et al., 2019a; Hofmann et al.,
2001; Mudau & Mhangara, 2021a). Other studies have used satellite images to map
and measure urban morphology (Chen et al., 2021; Wang et al., 2023).

Urban surfaces and their characteristics play an important role in achieving
sustainable and resilient cities as they can influence the people’s quality of life and
the settlements’ environmental conditions (Croce & Vettorato, 2021). Several studies
have assessed the environmental conditions of cities using a vegetation-impervious
surface-soil (VIS) model (RIDD, 1995) and medium spatial resolution images (Aina
et al., 2019; Phinn et al., 2002). In addition to the VIS model, assessing other

biophysical characteristics such as surface temperature, wetness, and air quality
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provides more variables to assess the surface ecological status of cities. The remote
sensing ecological index (RSEI) is the first model that utilizes remotely sensed data
to assess the status of the urban ecology of cities (Zheng et al., 2022). RSEI uses
vegetation index, humidity, land surface temperature, and built-up and bareness
index (Zheng et al., 2022). Researchers have explored the RSEI to evaluate the
status of urban ecology across cities (Firozjaei et al., 2020; Li et al., 2021; Yue et al.,
2019).

The methodologies commonly used for mapping the land cover biophysical
characteristics include the thresholding radiometric values and the maximum-
likelihood algorithm (MLA). Due to the heterogeneity of land use features in urban
areas, these methods suffer from spectral mixing issues. A hierarchical algorithm that
uses textural features has proven to perform better than MLA (Setiawan et al., 2006).
Using object-based image analysis (OBIA) in mapping urban land cover using high-
resolution imagery improves the results significantly compared to pixel-based
classification and MLA (Myint et al., 2011).

The previous studies conducted on the assessment of ecological studies are limited
to a city level, providing data required to develop a city-level intervention. Since
informal settlements are illegal and may lack essential services such as sanitation,
water, and waste removal (UN-Habitat, 2004), they pose several social and
environmental challenges. Environmental challenges such as land degradation and
pollution of natural resources have been associated with informal settlements (Devi
et al., 2017). This may be attributed to unmanaged land use activities and lack of
access to basic services (UN-Habitat, 2004). In addition, the effect of climate change
and global change may be more severe in informal settlements than in formal
settlements as they are located in undesirable locations such as flood-prone or high-
slope areas (Ramin, 2009). With future urbanization expected to take place mostly in
developing countries that are already struggling with informal settlement
developments, understanding the vulnerability of informal settlements can help
develop interventions to improve the wellbeing of people living in informal

settlements.
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The studies that used RSEI to assess the ecological conditions of the cities assess
the broad land-use classes. Since human settlements are not the same, a detailed
analysis of urban ecological conditions is required to improve understanding of urban
environments and develop necessary solutions to build green infrastructure across a
city. This study builds on RSEI and develops a settlement surface ecological index
(SSEI) that uses the tree, grassland, impervious surface, soil, land surface
temperature, and vegetation moisture to assess the ecological status of informal and
formal settlements using biophysical parameters derived from high and medium

spatial resolution imagery.

6.2 Study area

The study area covers residential, commercial, and industrial areas in the eastern
part of the City of Tshwane, Gauteng, South Africa, and lies between -25°41" and
—-25°46' latitude and 28°17' and 28°26' longitude. The study area contains low- and
high-density residential areas on the eastern side of the metropolitan municipality
and formal high-density and informal settlements in Mamelodi township, located
about 30 km from the city’s central business district, see Figure 6-1 for the location
of the study area and different human settlement types assessed in the study.
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Figure 6-1. Location of the study area and different human settlement types assessed in the study

The main economic activities in the municipality are finance and manufacturing.
About 16% of municipal households were informal settlements in 2016 (Department
of Cooperative Governance and the Department of Traditional Affairs, 2020a).

Mamelodi is one of the townships experiencing increased development of informal
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settlements (Mudau & Mhangara, 2022). The municipality plans to upgrade informal
settlements by providing essential services or top structures (Department of
Environmental Affairs, 2016). In addition, several initiatives are aimed at greening the
cities to improve air quality and sociocultural interaction, especially in townships. The

zoom-in pictures of selected areas are shown in APPENDIX A.

The selection of the different human settlement types was performed through visual
interpretation using the Google Earth platform. The maps of the selected settlement
were generated using Esri base maps. The description of the selected settlements
was guided by Census 2011 metadata (Statistics South Africa, 2012) and the South
African National Land Cover Classification standard, 19144-2:2014.

6.3 Data
We used Satellite Pour Observation de la Terre (SPOT) 7 images acquired on 8
November 2017 to classify urban land cover classes. The SPOT 7 sensor acquires

images both in multispectral and panchromatic modes. The scene IDs of the images

used are
IMG_SPOT7_MS_201711070754099 ORT_SPOT7_20180925 0743431ng5leejut
843 1 R3C2 and

img_spot7_ms_201711070754099 ort_spot7 20180925 0743431ng5leejut843 1
_r3c2. The spectral bands, wavelength, and spatial resolution of SPOT 7 are
presented in Table 6-1. A Landsat 8 image acquired on 08 November 2017, scene
ID LC81700782017312LGNO0O, was used to derive land surface temperature and

vegetation moisture information.
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Table 6-1. List of the spectral band, bandwidth, and spatial resolutions of SPOT 7 and Landsat 8

satellite images.

Spectral Band Wavelength (um) Spatial Resolution (m)
SPOT 7

Panchromatic 0.45-0.75 1.5
Blue 0.45-0.52 6
Green 0.53-0.06 6
Red 0.62—-0.69 6
Near-Infrared 0.76-0.89 6
Landsat 8

Panchromatic 0.50-0.68 15
Coastal Blue 0.43-0.45 30
Blue 0.45-0.67 30
Green 0.53-0.59 30
Red 0.64-0.67 30
Near-Infrared 0.85-0.88 30
Short-wave Infraredl 1.57-1.65 30
Short-wave Infrared 2 2.11-2.29 30
Cirrus 1.36-1.38 30
Thermal Infrared 1 10.6-11.19 100
Thermal Infrared 2 11.50-12.51 100

6.4 Methodology

6.4.1 Classification of Urban Land-Use Classes

The classification of impervious surface tree, grass, and soil cover and features from
the SPOT 7 satellite image was performed using the object-based image analysis
(OBIA) technique in Trimble eCognition Software. The OBIA technique has been
widely used to detect urban land cover and land use classes from high spatial
resolution satellite imagery (de Pinho et al., 2012; Mudau & Mhangara, 2021a). This
technique has generated more accurate results than pixel-based urban land use
classification (Myint et al., 2011). The first fundamental step of OBIA is image
segmentation. This process partitions an image into image objects that represent
desired land use or land cover features with similar spectral and spatial properties
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(Definiens, 2007). The quality of results achieved using OBIA techniques depends
on the image objects created during image segmentation (Definiens, 2007).

The multiresolution segmentation method was used to partition the image into image
objects. This bottom-up, region-merging technique partitions an image into objects
based on the user-defined homogeneity criteria, i.e., scale, compactness, and shape
(Baatz, 2000). Two segmentation levels were created using 400 and 25 scale
parameters using the multispectral bands. Segmentation parameters were selected
using the trial-and-error method by visually inspecting segmentation results. The
scale parameter 400 generated Level 1 image objects representing non-built-up and
built-up land cover and land use classes. In contrast, the scale parameter 25
generated Level 2 image objects representing urban land use objects. The
compactness and shape parameters of 0.5 and 0.1 were selected for both
segmentation levels. The scale, compactness, and shape parameters were selected
using trial and error by visually inspecting the results and adjusting the segmentation

parameters (Liu et al., 2022; Mugiraneza et al., 2019).

The OBIA rule-based classification technique was used to classify level 1 image
objects into built-up and non-built-up classes. A ruleset that uses radiometric values,
vegetation indices and textural features was developed to classify built-up and non-
built-up classes. Classifying built-up and non-built-up areas using the gray-level co-
occurrence matrix (GLCM) dissimilarity texture (Haralick et al., 1973). The GLCM
dissimilarity texture measures the distance between pairs of pixels within an image
object (Haralick et al., 1973). Due to the heterogeneity of land use features in urban
areas, the dissimilarity values are expected to be higher dissimilarity texture values
than in non-built-up areas (Mudau et al., 2014). Most image objects in urban areas
are also expected to have higher brightness values than non-built-up areas (Huete,
1988). A rule set that uses GLCM dissimilarity and brightness values is expected to

separate built-up and non-built-up areas.

Level 2 image objects were classified into trees, grass, impervious surface, and soil
using the soil-adjusted vegetation index (SAVI) (Huete, 1988), GLCM dissimilarity
texture (Haralick et al., 1973), Pantex (Pesaresi et al., 2008), and iron oxide index

(White et al., 1997). The SAVI is a vegetation index that minimizes the impact of soil
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properties in vegetated areas (Huete, 1988). The SAVI has been widely used to map
vegetation from other land cover classes, such as impervious surfaces, soil, and
water (Chen et al., 2015; Stefanov et al., 2001). The impervious surfaces, including
roads and building structures, are expected to have lower SAVI values than soil and
vegetation classes (Ukhnaa et al., 2019). SAVI was used to classify trees from grass

features.

Pantex is a texture-derived built-up presence that uses GLCM for different directions
and displacements and has proven to improve the classification of human settlement
land use types compared to other built-up indices (Pesaresi et al., 2008). Building
structures are expected to have higher Pantex values than other land-use classes
(Pesaresi et al., 2008). The GLCM dissimilarity texture was used to distinguish open
areas from building structures. The iron oxide or iron index measures the amount of
iron on the surface using the red and blue bands (White et al., 1997). This index was
used to distinguish grass from soil classes. SAVI was used to classify trees from

grass features.

6.4.2 Mapping of LST
LST was derived using band 10 of the Landsat 8 satellite. The LST was calculated

using the following formula:

BT
LST = 1+(ABT/p)lne (6-1)

where BT is brightness temperature, A is the length of emitted wavelength, p is a constant obtained
using the formula h x § where h is Plank’s constant, c is the velocity of light, o is the Boltzmann

constant, and €& is land surface emissivity.

6.4.3 Mapping of vegetation moisture
The assessment of vegetation moisture in the study area was done by analyzing the
normalized difference moisture index (NDMI) which measures vegetation water

content. The NDMI was derived using the following formula:

NDMI= (NIR-SWIR1) / (NIR+SWIR1) (6-2)

6.4.4 The assessment of settlement surface ecological index
The SSEl is a function of the urban land cover classes, LST, and vegetation moisture,

and it was calculated using the following formula:
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SSEI = (Tree cover + Grass cover + vegetation moistures) — (Impervious surface + LST) (6-3)

The assessment of SSEI index was performed over 300 m x 300 m of the selected
urban land-use classes. The assessed biophysical characteristics were standardized
to the 0—1 range. The index is defined as the difference between characteristics that
improve urban ecology and those that negatively alter the urban ecosystem. The
values of SSEI range from 0 to 1. Values closer to one represent a better settlement

ecological condition, and values closer to zero represent the worst.

6.4.5 Quality assurance

Quality assurance of mapped VIS classes was performed by assessing the
classification results with the manually selected image objects representing the
mapped classes. A total of 588 impervious surfaces, 71 trees, 42 grasses, and 99
soil samples were created through visual image interpretation using a random
sampling method. The accuracy assessment used Trimble eCognition 9.0 software
(Definiens, 2007). We assessed overall, producer and user accuracies. These
producer and user accuracy measurements assess the errors of omission and

commission of selected samples on the classified image.
6.5 Results

6.5.1 Image segmentation

Multiresolution image segmentation process with scale parameter, compactness and
shape values of 400, 0.1, and 0.5, respectively, was able to generate built-up and
non-built-up image objects; see Figure 6-2. The segmentation results show that non-
built-up areas adjacent to built-up areas were accurately separated from built-up
areas. The segmentation parameters also created image objects that represent
different human settlement types. Some of the open spaces within settlements were
separated from the residential area. There were, however, a few cases where open
spaces objects were merged within residential areas image objects. The image
objects in industrial and primarily commercial areas contained individual building
structures since the building structures have clear contrast from the surrounding

areas.
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Figure 6-2: Level 1 multiresolution segmentation results over SPOT 7 images (a) and Level 2

multiresolution segmentation results over SPOT 7 images (b)

The Level 2 multiresolution segmentation separated impervious surface, soil, and
vegetation image objects. However, impervious surfaces, such as roads and building
structures in industrial areas and in low-density settlements, experienced
oversegmentation. Oversegmentation in low-density formal settlements may be
attributed to the different orientations of the building structures. Undersegmentation
was observed in informal settlements where more than one building structure was

merged into one image object.

6.5.2 Classification results

The OBIA ruleset-based classification method that uses GLCM dissimilarity texture
successfully classified built-up areas from non-built-up land cover classes, Figure 6-3
and Table 6-2. The major roads were successfully classified as built-up areas. Some
areas with bare soil without building structures were classified as built-up areas.
Image objects formed in such areas had apparent contrast differences from the
surrounding non-built-up areas. Some open-space image objects with small human
settlement segments were classified as non-built-up areas. Non-built-up areas are
primarily found in the bottom left of the study area.
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Figure 6-3: Classification results and the location of assessed settlements

Table 6-2: Producer and user accuracies achieved during classification

Class User accuracy % Producer accuracy %
Impervious surface 97.9 94.4
Saoll 87.2 82.8
Trees 89.7 98.6
Grass 66.6 63.6

The use of Pantex and dissimilarity texture was able to distinguish building structures
from vegetation and soil because building structures in the study areas contain a
clear contrast from the surrounding land use classes. The use of SAVI was able to
separate trees from the grass class. The separation of bare soil and vegetated areas
was successfully achieved using the iron index. The results show that the built-up
areas on the bottom left of the study area contained higher tree coverage than the
other built-up areas. In contrast, the rest of the built-up areas in the middle and top
of the study area contain a higher percentage of impervious surface; see Figure 6-3.
The soil class can be seen mainly from the centre to the left and top right corner of
the study area.

An overall accuracy of 91.1% was achieved in classifying trees, grass, impervious
surface, and soil cover; see Table 6-2. The soil class achieved producer and user
accuracies of less than 90% compared to the other classes. The error of omission in

this class was found in the formal and informal settlements where gravel road
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segments were merged and classified as an impervious surface class or vegetation

class.

The grass class achieved poor accuracy compared to other classes. Some of the
grass objects were misclassified as trees. Some of the grass image objects were
classified as trees. Some of the grass segments were misclassified as open spaces.
Some of the building structures in informal settlements were not classified as
impervious surfaces but misclassified as soil. That may be attributed to the fact that
some of the dwelling structures in informal settlements are small structures and were

merged with the soil image objects.

6.5.3 Assessment of Biophysical Characteristics
The spatial distribution of the assessed human settlement types over LST and

vegetation moisture is shown in Figure 6-4 and Figure 6-5.
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Figure 6-4: Spatial distribution of the different settlement types over the LST layer
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Figure 6-5: Spatial distribution of assessed settlement types over vegetation moisture layer

The medium-density informal settlement experienced the highest LST of over 40 °C,

and the old medium-density informal settlement experienced the lowest LST of 34 °C

compared to other formal and informal settlement types; see Figure 6-4. The lower

LST in such an area may be attributed to the settlement located next to the mountain
(Peng et al., 2020). The formal settlements experienced LST of 36-39 °C on the

assessment day. The low-density formal settlement with high tree cover experienced

the lowest LST, while the formal low-density new development experienced the

highest LST. The LST in industrial areas was 1 °C higher than in commercial areas.

Table 6-3: Proportions and values of biophysical characteristics assessed during the study.

Settlement type LST _mean Soil % | Vegetation | Impervious | tree % grass %
Moisture Surface %

Commercial 36,90 0,00 77 19

Industrial 38,67 -0,02 90

Formal high-density 38,31 -0,07 91

with shacks

Formal medium density | 37,88 16 -0,05 66 11

Formal shacks 38,70 48 -0,09 43

Old informal medium 34,41 0 -0,02 31 63

density
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Informal medium- 42,67 3 -0,14 47 8 42
density new

development

Formal low density 36,05 1 0,07 24 69 5
Formal low-density new | 39,16 3 -0,03 53 8 37
development

Formal medium-density | 37,76 46 -0,08 49 0 4
new development

Formal high-density 37,81 3 0,00 65 23 8
(clusters)

Informal new 39,77 3 -0,06 17 47 33
development

The vegetation moisture was very low in all the settlement types, with values lower
than 0.1; see Figure 6-5 and Table 6-3. The settlements with the highest tree cover

experienced the highest vegetation moisture of 0.07 compared to other settlement

types.

The results show that the informal settlement class comprised less than 50% of the
impervious surface, with new medium-density informal settlements containing the
highest impervious surface cover of 49%. In comparison, the new informal
settlements development contained the least impervious cover of 17%. The tree
cover in informal settlements varied from 8% to 63%, with old informal settlements
having the highest tree cover while the new medium-density informal settlement
contained only 8% of tree cover. The soil cover in the informal settlements was
extremely low, with a maximum cover of only 3%. The grass cover varied from 6% to
42%, with medium-density informal settlements having the highest grass cover
compared to other informal settlement types.

Table 6-4 shows the normalized values of the assessed parameters. The normalized

values were used to calculate the SSEI.
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Table 6-4: Normalized classification and mapping results

Settlement type LST Vegetation | Soil Impervious | Tree Grass
Moisture Surface

Commercial 0,30 0,00 0,66 0,81 0,28 0,28
Industrial 0,52 0,00 0,59 0,99 0,06 0,06
Formal high-density with | 0,47 0,00 0,30 1,00 0,03 0,03
shacks

Formal medium density 0,42 0,33 0,42 0,66 0,09 0,09
Formal shacks 0,52 1,00 0,20 0,35 0,01 0,01
Old informal medium | 0,00 0,00 0,59 0,19 0,91 0,91
density

Informal medium-density | 1,00 0,06 0,00 0,41 0,12 0,12

new development

Formal low density

Formal low-density new | 0,20 0,02 1,00 0,09 1,00 1,00
development 0,58 0,06 0,54 0,49 0,00 0,12
Formal medium-density
new development 0,41 0,96 0,25 0,43 0,00 0,00
Formal high-density
(clusters) 0,41 0,06 0,67 0,65 0,33 0,33
Informal new
development 0,65 0,06 0,37 0,00 0,68 0,68

The low-density formal settlements had the highest composition of tree cover, 69%,
compared to other settlement types. In contrast, medium formal density with
backyard shacks and formal settlements with shacks had the lowest composition of
trees. The soil cover was low in formal areas except in new formal density and formal
settlements, with shacks with 46% and 48% cover. The impervious surface cover in
formal settlements ranged between 24 and 91%. The low-density formal with a high
cover of trees had the least impervious surface cover. The formal medium density
with shacks had the highest impervious surface cover. Industrial areas had the
second highest impervious surface cover of 90%, while the commercial area had the
most impervious surface cover of 77%. Industrial and commercial areas had zero soil

cover, with 10% and 22% vegetation, respectively.

6.5.4 Assessment of Settlement Surface Ecological Index (SSEI)
The status of urban surface ecology is good in low-density formal settlements

compared to other settlement types; see Figure 6-6. The assessment of SSEI in

111



informal settlements in the study areas varies according to the composition of the
biophysical characteristics. The old medium-density informal settlement with a high
cover of trees is in a better condition than the new medium-density informal

settlement with a very low coverage of trees.
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Commercial area and formal medium-density clusters have the lowest positive SSEI
values. All other settlement types have negative SSEI values, with the formal
settlement with backyard shacks and new informal settlements having the worst
ecological condition. Grass cover and soil cover have an insignificant negative
correlation with the SSEI. Since moisture cover is positively correlated with tree
cover, the results show that increasing the coverage of trees can improve the
ecological conditions of the settlements, reduce surface temperature, reduce soil
erosion, and reduce the impact of flooding.

6.6 Discussions

The condition of surface ecology is influenced by the physical, chemical, and
biological characteristics of the area of interest and is affected by natural processes
and land use activities. Several studies have assessed the ecological conditions of
cities using VIS and RSEI extracted from medium spatial resolution images. The
studies show that impervious surface cover affects the quality of the condition of
surface ecology, with higher cover resulting in unhealthy surface ecological
conditions (Li et al., 2021; Yue et al., 2019). These studies generated information
that can support initiatives to manage and improve urban ecosystems at the city
level. This study demonstrated that using biophysical parameters derived from high
and medium spatial resolution images provides detailed information on the surface
ecological conditions of different settlement types. The study shows that the surface

ecological condition varies from one informal settlement to another.

The results show that informal settlements with lower impervious surface and high
tree cover have better ecological conditions than those with lower vegetation cover.
The same trend was seen in formal settlements. This is well aligned with the
previous studies that assessed ecological conditions using RSEI using medium
spatial resolution conditions (Firozjaei et al., 2020; Li et al., 2021). The results show
that some of the formal settlements have unhealthy environmental conditions than
some of the informal settlements. Such areas have higher impervious surface cover
and lower tree cover. The assessment of the results shows that settlements with
higher tree cover have better ecological conditions than those with higher grass
cover. Informal settlements with higher grass cover and higher impervious surface

were at an unhealthy surface ecological state compared to other assessed informal
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settlements. Further investigation on the impact of classifying grass from trees on
SSEI needs to be conducted. The assessment of the index at different informal
settlement types has the potential to provide valuable information that can be
incorporated during the planning of upgrade projects. High spatial resolution
imagery and information on the location of informal settlements are not always

available and may be a limitation in assessing this index in certain countries or cities.

6.7 Conclusions

The study assessed the surface ecological conditions of informal settlements. The
analysis of impervious surface, tree and grass cover, LST, and vegetation moisture
provides valuable information on the environmental vulnerability of informal
settlements and other settlement types. The results achieved in this study can be
used to develop green strategies suitable for the different informal settlements to
improve wellbeing. The results can also be used to develop disaster management
strategies to reduce the impact of disasters on informal settlements. In addition, the
information provided in this study can be used as input during the planning of
informal settlement upgrade projects to ensure that the planning of services takes
into account the need to reduce the environmental vulnerability of the settlements.
As urbanization and the effects of climate change continue to be challenges for
many city authorities, addressing the environmental challenges of informal and
formal settlements is key to achieving sustainable development. The developed
index contributes to ongoing research to build resilient settlements and offers
practical measurements that can be used as the foundation for further work to

understand the resilience of the cities.
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APPENDIX A : List of settlement types assessed during the study

Settlement o ]
Description Picture

Type

Old, informal Medium-density

medium density informal settlements

with trees

Informal medium Less than five-year-
density, new old informal
settlement with

medium building

density
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Informal
settlement
density, new

development

New, informal
settlement
developments, less

than a year old

Formal low

density

Old suburb with a
low building density
of single- or double-

story houses and

big yards
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Formal low- New development of
density, new formal low building

development density

Formal medium A formal medium
density (cluster) building density
where dwellings

have private

grounds within a

common ground of

other dwellings,

located in a suburb
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Formal medium Formal townships
density with with medium
backyard shacks building density,
located beyond the

city limits, with

backyard shacks

Formal shacks Serviced informal
settlement, located
in a township.
Majority of the
structures are

shacks
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Formal medium Formal townships

density

with medium
building density
located beyond the
city limits

Formal medium Formal medium

density, new building density,
less than five years
old

Commercial A non-

residential built-up
surface area used to
conduct commerce,
and other areas.
The selected area is
located outside the
central business
district (CBD)
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products
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Chapter 7 ASSESSMENT OF LOCATION INFORMAL
SETTLEMENT GROWTH AND LOCATION CHARACTERISTICS
OF INFORMAL SETTLEMENTS
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Abstract
This study assessed the growth of the informal settlements and their location

characteristics between 2015 and 2020 in a densely populated township. The
mapping of informal settlements was done using very high spatial resolution satellite
images and the Object-Based Image Analysis (OBIA) technique that uses
asymmetry of sub-objects. The location characteristics assessed were slope and
proximity to water bodies, major transport infrastructure, mining activities, industrial
areas, formal areas, wetlands and flood inundation areas. The results show the
aerial extent of informal settlements in the study area almost tripled between 2015
and 2020. The assessment of location characteristics of informal settlements in the
study area shows that in 2015, informal settlements were in gentle to strong steep
slopes and within 100m of all assessed land cover and land use features with a
higher extent of the informal settlements located closer to formal settlements. In
2020, the extent of informal settlements located on a steep slope more than tripled
and a smaller extent of informal settlements developed was located within 100m of
the flood inundation. The higher extent of informal settlements continued to develop
closer to formal settlements, railways lines and rivers in 2020. The information
derived in this study can be used to understand the informal settlement growth and
location characteristics of informal settlements. This information can be used as
input during the development of strategies to better manage informal settlements

and during the planning of informal settlement upgrade projects.

Keywords: Informal settlements; WorldView; location characteristics
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7.1 Introduction

Informal settlements or slums remain a challenge for many developing countries.
These settlements lack access to basic services such as water and sanitation,
security of tenure and sufficient living space, are located in environmentally sensitive
areas and lack or have poor durability of the dwelling structures (UN-Habitat, 2004).
Even though a lot of progress has been achieved toward improving the livelihood of
people living in informal settlements through the implementation of the Millennium
Development Goals, the absolute number of people living in informal settlements
increased from 689 million to 883 million between 2000 and 2014 (United Nations,
2015). More than 1 billion people lived in informal settlements or slums in 2018 (UN-
Habitat, 2018a). More than 80% of the informal settlement dwellers lived in Eastern,
South-Eastern Asia, Central and Southern Asia and South-Saharan Africa in 2020
(United Nations, 2021). Future urbanization is expected to take place mostly around
cities and towns in developing countries around Asia and Sub-Saharan Africa
(United Nations, 2021). While urbanization is linked to human capital and economic
development, urbanization in developing countries results in increased inequality,
overloaded infrastructure and proliferation of informal settlements (Arouri et al.,
2014).

Rapid urbanization remains a challenge in many developing countries including
South Africa with more than 60% percent of the population living in urban areas in
2011 (South African Cities Network, 2022). According to Statistics South Africa, the
number of people living in urban areas in South Africa increased by 10 % between
1996 and 2011. Rapid urbanization puts enormous pressure on the urban
environment, especially around the cities. Urbanization in South Africa can be
attributed to population growth and the abolishment of pass laws and restrictions of
influx of black population into the cities (Ogura, 1996) which resulted in the rapid
development of informal settlements. The backlog of housing delivery, lack of
affordable rental and higher migration rates to cities are among some of the factors
contributing to the increased development of informal settlements. Living conditions
in informal settlements are below acceptable levels (Hofmann et al., 2008) with high
levels of poverty, crime and violence (Kohli, Sliuzas, et al., 2016; South African
Cities Network, 2022). Informal settlements are usually developed in areas that are
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not surveyed for human settlement development. Consequently, these settlements
are located in environmental risk areas and also contribute to environmental
degradation (South African Cities Network, 2022).

Information on the extent of informal settlements is not always up to date. This might
be attributed to the fact that informal settlements are illegal (UN-Habitat, 2004) and
are not part of urban or municipal plans except during the upgrade process (Isandla
Institue, 2014). The reliance on ground surveys also contributes to the temporal gap
of informal settlement data (Statistics South Africa, 2022). In addition, little
information is known about the factors that influence the development of informal
settlements in certain geographic locations. Limited studies have investigated the
environmental and socioeconomic factors that attribute to the development of
informal settlements in certain areas through empirical methods (John-Nsa, 2021;
Takyi et al., 2021). These studies have concluded that the decision to settle in
certain informal settlements is influenced by several factors including environmental

and socio-economic factors.

To close the data gap on informal settlements, several studies have investigated the
use of remote sensing to detect informal settlements the extent of informal
settlements (Fan et al., 2021; Hofmann et al., 2001; Kuffer & Barros, 2011; Mudau
& Mhangara, 2021a). The success of the developed methodologies varies from one
region to the other and in certain areas within a city due to the varying physical
characteristics of informal settlements (Fallatah et al., 2019a; Mudau & Mhangara,
2021a). Consequently, limited studies have assessed the informal settlement
growth patterns using remotely sensed data (Fallatah et al.,, 2022; Mudau &
Mhangara, 2022).

Few studies have assessed locations characteristics of informal settlements. The
study done by Takyi et al, 2021 concluded that majority of informal settlements in
Kumasi, Ghana, are closer to central business district (CBD) whereas few are
located closer to water bodies and on steep slopes (Takyi et al., 2021). In Kisumu,
Kenya, most of the informal settlements are located in flood-prone areas closer to

farmlands and highways whereas, in Ahmedabad, informal settlements are mainly
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located closer to the major transport infrastructure, lakes and rivers (Kohli et al.,
2012). Vacant land accessible without restriction has been found to influence the
location of informal settlements more than other location-driving factors in Nairobi
(Githira, 2016); Dar es Salaam (Abebe & Sliuzas, 2011); and Sancaktepe, Istanbul
(Dubovyk et al., 2010). Proximity to water bodies and railway lines has been found
to positively influence the development of informal settlements in Enugu City,
Nigeria (John-Nsa, 2021) and in Dar es Salaam (Abebe & Sliuzas, 2011). Informal
settlements have been found to develop in low-slope terrain in Sancaktepe, Instabul
(Dubovyk et al., 2010) while in other cities informal settlements are on both gentle
and steep slopes (Sirueri, 2015). In certain areas, the new informal settlement
developments are observed on steeper slopes than on gentle slopes (Han et al.,
2017). This shows that the location characteristics of informal settlements vary from
one city to the other. to the other. Human activities undertaken by informal
settlement dwellers can contribute to land degradation and water pollution
depending on the locations (Darkey & Donaldson, 2000; Mahabir et al., 2016; Takyi
et al., 2021).

There is, therefore, a need to assess land used as informal settlements to
understand the location characteristics of informal settlements. Assessing the
location characteristics can help identify infrastructure and services required by
informal settlements. This study assesses the spatial growth of informal settlements
between 2015 and 2020 and analyses the location characteristics of informal
settlements in Mamelodi township, City of Tshwane, South Africa. The study
contributes toward understanding the location characteristics of informal
settlements using satellite images and Geographic Information System (GIS).
Understanding the informal settlement growth and spatial location of informal
settlement developments is crucial for the provision of services and mitigation of

health, fire, flood and other natural and manmade disasters.

7.2 Study area
The study area is located in Mamelodi township, City of Tshwane (CoT) metropolitan
municipality, Gauteng Province, South Africa, Figure 7-1. The city had around 227

informal settlements in 2020 (Department of Cooperative Governance and the
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Department of Traditional Affairs, 2020b; Mudau & Mhangara, 2022). Mamelodi
township contains both formal and informal settlements and is one of the most
underserviced townships in CoT with some of the settlements having the lowest
access to services (Department of Cooperative Governance and the Department of
Traditional Affairs, 2020b). The aerial extent of informal settlements in Mamelodi
more than doubled between 2005 and 2020 with higher expansion rates in recent
years (Mudau & Mhangara, 2022).

28°22W'E 28°250°E

4 Kilometers

N Legend
- City of Tshwane
2 D South Africa: provinces

Figure 7-1: Location of the study area

7.3 Data and methodology

7.3.1 Data

WorldView 2 images acquired on 29 July 2015 and 06 May 2020 were used in this
study. The WorldView 2 sensor acquires images in multispectral and panchromatic
modes. The 8 bands multispectral images and 0.46 cm panchromatic images were
used to detect informal settlements. The images were received georeferenced to a
geographic coordinate system, WGS 84 Datum and WGS 84 Spheroid. The spectral

and spatial specifications of the Worldview images are listed in Table 7-1.
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Table 7-1: Spectral bands, spectral range and spatial resolution of Worldview 2 images

Spectral band Spectral range (nm) Spatial resolution
Panchromatic 450-800 0.46cm

Coastal blue 400-450 1.85m

Blue 450-510 1.85m

Green 510-580 1.85m

Yellow 585-625 1.85m

Red 630-690 1.85m

Red Edge 705-745 1.85m

Near Infrared 1 770-895 1.85m

Near Infrared 2 860-1040 1.85m

A 2020 Land cover dataset was used to extract land cover and land use features
used in this study. The data was sourced from the Department of Forestry, Fisheries,
and the Environment, accessed using https://egis.environment.gov.za. The 2020
land cover dataset was derived using Sentinel 2 images acquired in 2020 and
contains 73 land cover and land use classes. The land use classes used are formal

settlements, industrial areas mines and herbaceous wetlands.

The 30m SRTM was used to derive the slope of informal settlements. The SRTM
DEM was sourced from United States Geological Services (USGS) using
https://earthexplorer.usgs.gov/ website. The wetland and rivers Freshwater Priority

Areas (FEPAs) datasets were sourced from South African National Biodiversity
Institute and were used to assess the proximity of informal settlements to national
strategic spatial priority for conserving freshwater. Major roads and railway lines
were used to assess the proximity of informal settlements to transport infrastructure.
The 1m flood inundation was sourced from the South African National Space

Agency. The layer was developed using Height above Nearest Drainage.

7.3.2 Method
shows the workflow that was used to assess the location characteristics of informal
settlements between 2015 and 2020.
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Figure 7-2: Workflow followed to assess the location characteristics of informal settlements.

7.3.2.1 Image classification

The images were pansharpened using Gram-Schmidt image fusion technique using
ArcGIS software. This technique maximizes image sharpness and minimizes image
distortion. Gram-Schmidt is the most robust pansharpening method than other

image fusion techniques (Jawak & Luis, 2013; Maurer, 2013).

The detection of informal settlements was done using OBIA using Trible eCognition
software. Unlike pixel-based classification, in addition to spectral information, OBIA
uses contextual, textural and spatial characteristics of image objects during the
classification process (Castilla & Hay, 2008). Pixel-based classification in urban
areas suffers from spectral confusion resulting from land use features that exhibit
similar spectral features and limited spectral bands (Moran, 2010). OBIA has been
proven to increase land cover and land use classification results in urban

environments (Myint et al., 2011).
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The first step in OBIA classification method is image segmentation. The image
segmentation process segments an image into meaningful image objects that will
be used during classification. In this study, we used the multiresolution
segmentation method to segment the image into desired image objects. The
supervised segmentation method was used to determine the optimum segmentation
parameters to generate desired image objects. Two segmentation levels, i.e., level
1 and level 2, were created. The level 1 image objects were created using scale
parameter, shape and compactness values of 100, 0.1 and 0.5 respectively. These
segmentation parameters created image objects that represented non built-up,
formal and informal settlement land use features. These image objects were
classified as built-up and non built-up areas using gray-level co-occurrence matrix

(GLCM) dissimilarity textural features.

The level 2 image objects were created using the built-up area class created using
level 1 image objects. The level 2 image objects were created by segmenting level
1 built-up class using scale parameter, shape and compactness values of 30, 0.1

and 0.5 respectively.

The classification of informal settlements was done using the asymmetry of level 2
image objects. Informal settlements are expected to contain greater angular
variability and shorter length structures than formal settlements, therefore the
texture based on the asymmetry of image objects in informal settlements is

expected to be lower than that of formal settlements.

7.3.2.2 Quality assessment
Quality assessment of informal settlement classification was done by assessing
manually selected informal settlement samples against the classification results

using eCognition software (Definiens, 2007).

7.3.2.3 Assessment of the location characteristics of informal settlements

The assessment of the location characteristics of informal settlements was done in
an ArcGIS environment using zonal analysis and intersection functions. The
proximity analysis of informal settlements to rivers, water bodies, wetlands,

herbaceous wetlands, 1m flood inundation, major roads, railway line and mining
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activities was done using 100m buffer of the features assessed. A buffer of 300m
was used to assess the proximity of informal settlements to formal settlements. The
analysis of the slope where informal settlements are located was done using the
SRTM DEM values.

7.4 Results

7.4.1 Classification of informal settlements

The selected segmentation parameters for Level 1 were able to partition the image
into image objects that represented built-up and non built-up land use classes, Figure
7-3 The selected parameters were also able to create open space, informal and
informal settlement image objects. There were, however, few cases where informal
settlement objects located adjacent to formal settlements were merged into one
image object.

[ ) 1 Kilom eters

Figure 7-3: Zoom picture of Level 1 segmentation results over a 2020 panchromatic image

The classification results are shown in Figure 7-4. The results show that in 2015,
the detected informal settlements were located in the north-eastern part of the
township and around formal settlements covering a total area of 4.99 km?2. The land
used as informal settlement increased to 12.06 km? in 2020, see Figure 7-4. More
than 50% of the growth took place in the southern part of the study area. Some of
the new informal settlements were developed on open spaces within formal

settlements.
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Figure 7-4: 2015 and 2020 informal settlement classification results, location of features and

resources assessed.

7.4.2 Location characteristics assessment results

Table 7-2 lists the results of the location characteristics assessment of informal
settlements in 2015 and 2020 In 2015, informal settlements were found at 1298 m-
1400 m altitudes. The informal settlements at high altitudes are situated in the north-
eastern part of the study area in both years, Figure 7-4. The informal settlement land
in lower altitudes more than doubled between 2015 and 2020, with an aerial extent
of 2.6 km? in 2020, representing 20% of the total informal settlement land. The new
informal settlement development at lower altitudes can be seen in open areas
around the formal settlements toward the western side of the study area. The
percentage of informal settlement land located in steep terrain remained the same

in 2020, however, the aerial extent more than tripled between 2015 and 2020.
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Table 7-2: Spatial location of informal settlements assessment results

Land cover land use feature | Aerial extent of informal | Aerial extent of informal
2015 (km?) 2020 (km?)

Elevation

1290 m-1320 m 0.10 1.8

1360 m-1447 m 1.40 3.94

Slope 1.4°-37° 0°-26°

Rivers 0.75 2.60

Water bodies 0 0

Wetland 0 0.1

Major roads 0.15 0.3

Railway lines 0.53 1.97

Mining 0.13 0.4

Herbaceous wetland 0.16 0.84

Industrial area 3.8 km-10 km 2.1 km-10 km

Formal settlements 3.8 6.85

1m flood inundation 0 0.25

The informal settlements in the study areas are in gentle to strong steep slope,

ranging from 0°-37° Figure 7-5. Most of the informal settlements are located at gentle

slopes i.e. less than 9°. In 2015 the informal settlements on strong steep slopes are

located on the eastern side of the study area. Informal settlement growth was

observed between 2015 and 2020 resulting in some informal settlements developing

in strong steep slopes. This can be observed around the south-eastern part of the

study area and towards the northern part of the study area.
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Figure 7-5: Location of informal settlements in 2015 and 2020 with corresponding slope values

In 2015, no informal settlement was located within a 1m flood inundation area,
whereas in 2020, a land of 0.25 km of informal settlement was located within 1 m
flood inundation area. Such areas have an altitude that ranges from 1290 m-1304

m.

Less than 10% of informal settlement land in the study area was located far away
from NFEPA and herbaceous wetlands during the two years. Less than 1km? of
informal settlement land was located within 100m of NFEPA rivers in 2015.
However, in 2020, the area increased to 2.6 km2. Less than 0.01 km? of the informal
settlement land was located within 100 m of NFEPA wetlands compared to 0,1 km?
in 2020. About 3% of informal settlement land was located within 100m of
herbaceous wetland in 2015 compared to 6% in 2020. Developments of informal
settlements along the rivers and wetlands can result in higher water pollution due to

a lack of refuse collection and sanitation infrastructure (Darkey & Donaldson, 2000).

The assessment of the results shows that in 2015, more than 75% of informal
settlement land was located within 300m of formal settlements. In 2020, just over
half of the informal settlement land was located within 300 m of formal settlements.
This shows that a significant amount of informal settlement land developed over five
years was located far from formal settlements. These settlements are observed in

the southern-eastern part of the study area.
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The results show that the informal settlements in the study area are located far from
the major transport infrastructure. More than 80% of informal settlement land was
located more than 100m from the railway lines. The informal settlement
development in the study area continued to develop further away from the railway
line, with about 85% of informal settlement land located more than 100 m away from
the railway line in 2020. Less than 3% of informal settlement land is located within
100 m of the major road infrastructure. Informal settlements are located between
2,1 km and 10 km of the major industrial areas and between 16km and 25km from
the CBD.

7.4.3 Accuracy assessment

The 2020 informal settlement mapping achieved overall, user and producer
accuracies of 93%, 83% and 95% respectively compared to 91%, 100% and 76%
achieved during the 2015 mapping. The errors of commission can be observed in
formalized settlements with shack building structures both in 2015 and 2020, while
errors of omission can be found in some informal settlements that are merged with

a small portion of formal areas.

7.5 Discussions

The study focused on assessing informal settlement growth and location
characteristics of informal settlements over five years. The results showed that the
aerial ex-tent of informal settlement more than tripled during the assessed period.
The location characteristics analysis of the informal settlements indicated that
informal settlements in the study area are located around roads, railway lines,
mining activities, wetlands, rivers, formal built-up areas and on gentle to strong
steep slopes. The analysis showed that there were no informal settlements closer
to man-made water features. The aerial extent of informal settlements developed
closer to the assessed features increased between 2015 and 2020 at varying
extents. A larger extent of informal settlement land was developed on open spaces
with level, gentle to strong steep slopes closer to formal settlements, rivers, and
railway lines. A significant extent of informal settlement land was developed in areas
that were more than 100m of formal settlements and railway lines. Even though a

small extent of informal settlement land was developed closer to wetlands, mining
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activities and along the flood lines, there is a need to manage such areas to
conserve the natural environment and to protect informal settlement dwellers from

pollution and the impact of natural disasters such as floods.

Unlike informal settlements in cities such as Kumasi (Takyi et al., 2021), most of the
informal settlements in the study areas were located far away from CBD, major
commercial and industrial areas. The high extent of informal settlements was closer
to existing residential areas as was the case in Nairobi and Dar es Salaam in the
study done by Sirueri, 2015. Although access to available land and densification of
structures were not assessed, the expansion of informal settlements took place on
undeveloped vacant land. This is aligned with studies conducted by (Dubovyk et al.,
2010; Githira, 2016; Abebe & Sliuzas, 2011). The high extent of informal settlements
was closer to existing residential areas as was the case in Nairobi and Dar es

Salaam in the study done by Sirueri, 2015.

7.6 Conclusions

The effective management of informal settlements requires an understanding of the
location of informal settlements and the influence of location on development. The
information on the spatial location of the informal settlement is collected using
ground survey methods over a settlement targeted for an upgrade, leaving the rest
of the in-formal settlements not surveyed since these settlements are not part of
urban plans. The study demonstrated the use of remote sensing images and GIS to
assess the spatial location of informal settlements. In this study, the proximity to
formal settlements was identified as a neighborhood characteristic with the highest
extent of informal settlements compared to other location characteristics. The
availability of informal settlements along rivers, mining activities, lakes and wetlands
highlights settlements at risk of air and water pollution, flooding and land
degradation. The results achieved in this study can provide decision makers with
the information required to effectively manage the environment, develop disaster
management and informal settlement upgrade plans. Further studies could assess
the relationship between morphological patterns and spatial location of the informal

settlements.
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Chapter 8 SYNTHESIS

The aim of the study is to investigate informal settlement dynamics and spatial
characteristics to generate an understanding of housing informality and

environmental conditions for designing innovative sustainable solutions.

Objective 1
To investigate settlement-based indicators to detect informal settlements from

formal settlements using very high spatial resolution imagery.

The use of remote sensing technologies in the detection of informal settlements
requires an understanding of the characteristics of informal settlements in areas of
interest. This is attributed to the fact that informal settlements differ in characteristics
from one geographic area to another and sometimes within a city. OBIA techniques
integrate spectral, contextual and physical characteristics of informal settlements

during the classification.

Chapter 3, therefore, investigated image proxies that can be used in OBIA to detect
informal settlements in a densely populated township using WorldView 2 image.
Most studies investigated the use of vegetation, the density of buildings, road
surface and the tone of building structures and the pattern of land use objects to
distinguish informal settlements from formal settlements. The image proxies
investigated were vegetation, coastal blue, iron, road extraction and built-up indices
and seven FOS and GLCM textural statistics. The results achieved in chapter 3
show that the built-up index and coastal blue index and FOS mean detected the
informal settlements better than the other features. The use of these features
produced higher overall accuracy of 89%. The use of NDVI and GLCM which have
been widely used achieved poor results in the study area compared to other image

features.

The three identified image features can potentially distinguish informal settlements

in other areas with similar characteristics. The results show that most of the informal
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settlements in the study area have lower coverage impervious surface area than the
surrounding area.

Objective 2

Assessment of informal settlement growth patterns using very high spatial resolution

imagery.

Chapter 4 illustrates the use of high spatial resolution imagery and the OBIA
technique in assessing the informal settlement growth patterns. Chapter 4 proposes
the ratio of land consumption rate of informal settlements that uses informal
settlement extent and impervious surface in informal settlements as a measure of
land use efficiency of informal settlements. Even though the densification of building
structures in formal areas is a positive land use activity, the higher density of
structures in informal settlements increases disaster risks such as fire and as well
as health risks. This measurement can be used to support reporting of SDG 11.1.1
or 11.3.1. Studies on the assessment of informal settlement growth focused on the
assessment of growth extent than densification. Assessment of densification has
been done using visual interpretation of aerial photography which is not always
available. The study also demonstrated the use of OBIA and asymmetry sub-objects
in the extraction of informal settlement extent which is one of the input data required

during the computation of the proposed indicators.

Objective 3
Assessment of spatial pattern of informal settlement and backyard shacks using
UAV products.

The spatial patterns of free-standing shacks in informal settlements and backyard
shacks in formal areas assessed using landscape metrics are presented in chapter
5. The classification of free-standing shacks and backyard shacks was done through
the use of height information derived from the very high spatial resolution DSM and
DTM and orthophotos acquired by a UAV. The use of rule-based classification
results in the classification of freestanding and backyard shacks yielded better

classification results than the use of object-based RF method.
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The assessment of the landscape metrics shows that the values of the shape
metrics of backyards shacks are almost the same as those of the free-standing
shacks, whereas the aggregation metrics of the two dwelling types are more distinct.
The backyard shacks are less connected and more isolated compared to informal
settlement dwelling structures. In addition, the density of informal dwelling structures
was higher compared to the density of backyard shacks. The results achieved here
show that the aggregation metrics have the potential to distinguish backyard
structures from freestanding shacks than shape and landscape metrics. The results
achieved here can be used to assess informality in formal areas and during the

formalization of backyard rental in the townships.

Objective 4
Investigation of the surface ecological condition of informal settlements and other

settlement types

Understanding the biophysical characteristics of urban areas is a prerequisite for
adequate management of the urban ecological ecosystem. In Chapter 6 we present
an SSEI which is derived using high and medium spatial resolution images. The
SSEIl uses six variables i.e. tree, soil, impervious surface and grass covers, LST and
soil moisture to assess the surface condition of human settlements. The SSEI
values range from 0 to 1 with 1 representing an excellent ecological condition and 0
representing a poor ecological condition. The results of the study show that 70% of
the areas assessed had an SSEI of less than 0.2, which represents poor surface
ecological conditions. Two of the settlements with the highest SSEI values were
informal. The highest values of SSEI were achieved in settlement types with high to
medium density of tree cover. The highest SSEI of 0.54 was found in low-density
residential types with high-density tree cover. This was slightly higher than the SSEI
of a medium-density informal settlement.

This study reveals that some of the formal settlements and new informal settlements
are in very poor surface ecological conditions. This implies that the communities
living in such areas may be vulnerable to heat-related diseases. The results show
that there is a strong positive correlation between SSEI and tree cover and SSEI
and soil moisture. The information presented in this chapter can be used to develop
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strategies to improve urban ecological ecosystems and during the implementation

of urban greening strategies.

Objective 5

Assess the location characteristics of informal settlements

Understanding the location where informal settlements develop is crucial to
managing their development and preventing the negative impact of informal
settlements on the environment. In Chapter 7 we quantified the informal settlement
growth in Mamelodi township, Gauteng province, South Africa and assessed the
location characteristics of informal settlement developments. In Chapter 7 The
location characteristics assessment was done by assessing the slope and proximity
of informal settlements to the major transport infrastructure, water bodies, wetlands,

economic opportunities, flood inundation area and formal settlements.

The study reveals that the extent of informal settlement more than tripled over five
years. The informal settlements in the study area were located on gentle to strong
steep slopes within 100 m of roads, railway lines, mining activities, wetlands, rivers
and formal built-up areas. There were however no informal settlements located
closer to man-made water bodies. Chapter 7 reveals a larger percentage of informal
settlement developments was observed on open spaces with a level, gentle to
strong steep slope closer to formal settlements, rivers, and railway lines, with a
larger extent of informal settlement land developed next to formal settlements. The
information presented in this study can be used to better manage informal
settlement developments and during the planning of informal settlement upgrade
projects. In addition, the results of the study can be used to identify areas that are
likely to get flooded during heavy rains and to identify communities that may cause

water pollution or alter the natural ecosystem.

Reflections

This research aimed to assess housing informality using high spatial resolution
satellite imagery and UAV image products and to assess the environmental

conditions of informal settlements. The first part of the aim of the research was
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achieved through the investigations of the image-derived proxies that are suitable
for detecting informal settlements in Chapter 3 and Chapter 4. These chapters
identified relevant image proxies suitable for informal settlement detection based on
the local ontology in densely populated townships. Understanding the characteristic
of informal settlements in different geographic areas is a requirement for developing
robust methodologies to detect informal settlements from satellite imagery. The
temporal analysis reveals that between 2000 and 2010 and between 2015 and
2020, the informal settlements in the study area experienced higher expansion rates
than densification rates. In contrast, the low and negative ratio is attributed to the

decline in impervious surface between 2010 and 2015.

The methodologies for the detection of the second form of housing informality, the
backyard shack, were addressed in Chapter 5 by assessing the application of
orthophotos, DTM and DSM acquired by UAV. In Chapter 5 OBIA, the rule-based
classification approach has proven to perform better in the detection of backyard
shacks compared to the Random Forest machine learning method. Further studies
may include assessing the use of deep learning machine learning methods to detect
housing informality using satellite imagery. Temporal UAV imagery may provide

information to assess the rate of informality in formal areas.

The second part of the aim of the research was addressed in Chapter 6 and Chapter
7. In Chapter 6, the environmental condition of informal settlements was done by
developing and assessing the settlement surface ecological index. Many studies in
literature and efforts by local governments focus on generating information on the
extent of informal settlements and land use information especially, the number of
dwelling structures. The assessment of the surface ecological condition of informal
settlements provides new information that can be used to understand the
environmental condition of informal settlements. The study shows the environmental
condition of informal settlements should not be generalized as the condition can
vary according to the location and development stage of the settlement. In addition,
formal settlements, especially those in townships, can be at the worst surface

ecological conditions due to the high cover of impervious surface and low vegetation
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cover. Future research can investigate the integration of weather and atmospheric

parameters in the settlement surface ecological index.

The management of informal settlements requires information on the growth
patterns of informal settlements and the location where growth is taking place.
Chapter 7 shows that, in addition to mapping the location and assessing informal
settlement growth over time, the assessment of location characteristics over time
provides unique important information that can be used to manage informal
settlement development and to prioritize informal settlement upgrade projects.
Chapter 6 and Chapter 7 demonstrated the use of satellite imagery and ancillary to
understand the environmental conditions of informal settlements which have not

been thoroughly investigated.

Key conclusions from this research are:

1. The OBIA classification technique that uses settlement-based indicators
built-up index, coastal blue index and FOS mean can detect informal
settlements from formal settlements in densely populated formal settlements
using very high spatial resolution imagery.

2. The success of NDVI and GLCM which have been widely used in the
detection of informal varies from one geographic area to the other.

3. Iron index derived from very high spatial resolution images can distinguish
informal settlements from formal settlements better than NDVI and GLCM

4. Backyard shacks can be detected using Orthophotos, DTM and DSM
acquired by a UAV

5. Object-based RF classification that uses estimated height and radiometric
information yields poor less accurate classification techniques in backyard
shack classification than the rule-based classification method.

6. UAV image products can be used to detect free-standing shacks and
backyard shacks.

7. The aggregation metrics of free-standing shacks and backyard shacks are
more distinct than shape and landscape metrics.

8. The surface ecological conditions of informal settlements vary according to
the development stage of the informal settlements.
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9. The surface ecological conditions of some of the formal settlements are poor
compared to those of some of the informal settlements.

10.Most of the informal settlements in the study area are located on a level,
gentle to strong steep slope, close to formal settlements, rivers, and railway

lines.

Conclusion
Informal settlements in the study area can be detected using an OBIA approach,

which integrates the built-up index, coastal blue index, and FOS mean derived from
very high spatial resolution data. The extent of informal settlements more than
quadrupled between 2000 and 2020. Notably, these settlements expanded with
lower impervious density. The study reveals that informal settlements were
developing even on steep slopes, particularly in proximity to rivers, railway lines,
roads, and formal settlements during 2000-2022 period. Some formal settlements
contain backyard shacks. The backyard shacks in the study areas are less
connected compared to freestanding shacks. Additionally, the analysis indicates
that certain informal settlements experienced lower LST and vegetation moisture
levels on the day of assessment compared to specific formal settlements.

Limitation of the study

The study did not explore object-level indicators due to the unavailability of funds to
procure 30cm spatial resolution imagery or drone imagery covering all informal
settlements in the study area. The use of 30cm or higher spatial resolution may
provide deep insights into settlement-level and object-level image proxies that can
be used to detect informal settlements in the study area. Covering more than one
township would have provided an opportunity to test the robustness of the
developed OBIA approach in the city. Future work can test the transferability of the

developed approach in other townships or cities in the country.

Additionally, there is a need to conduct field surveys and gather information on why
people choose to stay in certain areas to add a social dimension to the spatio-
temporal patterns results. There is also a need to test the developed OBIA
methodology to detect backyard shacks over a different area to investigate the

robustness its robustness in classifying backyard shacks from freestanding shacks.
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The investigation of the detection of more land use classes formal and informal
settlements using drone can improve the understanding of the physical

characteristics of informal settlements and formal settlements with backyard shacks.

The lack of high spatial resolution multispectral data with a thermal band resulted in
the analysis of informal settlements at a coarse scale. High spatial resolution remote
surface temperature and vegetation moisture data can improve the understanding
of the ecological conditions of informal settlements. Future work can also assess
the ecological conditions derived in this study and gather field data on health and
disaster vulnerability in the communities. More variables can be integrated to the
settlement ecological index to improve the understanding surface ecological

conditions of informal settlements and other settlements.
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