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Abstract

Unplanned development of urban areas and the creafi slum settlements are
responses to rapid population growth and its degmsifast growing cities like Dar-
Es-Salaam, the former capital of Tanzania.
Regarding the scope of the Millennium Developmeaals (MDGs) established by
United Nations, especially Goal 7 target “tie improvement of the quality of at
least 100 million slum dwellers by the year 2026he of the substantial steps in
meeting this goal is to find reliable procedurasdetecting and monitoring the slum
areas. Hence, obtaining up to date spatial infdomedbout informal settlements is
of great importance for any decisions that haveetanade by urban planners.
Use of Very High Resolution (VHR) airborne and Haéeimagery in meter or sub-
meter level has generated a new era in proceedititeanformation extraction of
slum areas based on object-oriented techniqueseatichation methods of the
number of slum inhabitants.
The main objective of this research, thereforéo idetermine the feasibility of using
VHR orthophotos (0.6 meter pixel size) in creatiag accurate inventory of
buildings to enable the estimation of slum popuolatiased on the extracted building
roofs.
eCognition software is used for the image segmenntatind classification of the
objects of interest (roofs in this stud)he accuracy of the roof extraction approach
and consequently the estimation of slum populatienexamined on three different
study wards calletiCharambe”, “Manzese” and“Tandale” based on a sample size
of n=550 reference polygons for each site. Two wesiof accuracy assessment are
utilised:

1. Considering a roof coverage threshold (25%) to fake account the co-

registration errors (positional accuracy); and
2. Ignoring the coverage threshold and calculating ttlassification
accuracies and Kappa statistic from the confusiatrioes.

Applying the first method of accuracy assessmesilted in the followings:

In total, 1504 buildings are extracted out of 16Bference buildings in the study
areas which correspond to 91.1% accuracy in theaetian rate. Across all three
study sample sites, the total roof area coverag@mard fromeCognition software
is estimated at 136720%rand from reference data 183195. fihis amount shows
that 25.7% of the reference polygons are not cavérg the extracted roofs.
Thereby, 74.3% of the total population of thesee¢hwards is estimated by the
applied model.




The second method of accuracy assessment resuited followings:

The average of overall accuracy for the buildingssl in the study sites is
satisfactory at 93% which corresponds to the Kagghae of 0.82. This Kappa value
indicates that the object-oriented method used tfar extraction of the roofs
produced quite good results. From the total popraf14616 inhabitants) in the
study areas, 91.7% are estimated by the implementet®| to be living there which
is very close to the real number of slum dwellers.

In general, the methodology developed in this neteaventuated in satisfactory
results which can be helpful for authorities andnagers at regional and national
levels.
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1. Introduction

As the beginning of the new century places pressoame governments and
international organisations to provide health cadcation, safety and security,
developing countries are facing a serious challeimgg@rovision of these basic
requirements. Improving the quality of life for #®people who are living in poor
condition and below the poverty line is one of thm®st important issues for
developing countries. Unplanned development of mri@as and consequently the
creation of slum settlements have resulted fronmdragompulation growth and its
density in fast growing cities like Dar-Es-Saladhe former capital of Tanzania.
The report of UN-Habitat, (2003b) d8lums of the world"has revealed that Africa
has the world’s highest urbanisation rate with anual average of urban growth of
4%, almost two times faster than that of Latin Aiteerand Asia. Currently 37% of
the total population in Africa lives in cities amy 2030 the urban population is
expected to rise to 53% of the total population: Fanzania in particular, 92.1%
(14,113,000 inhabitants) of the urban populatiore lin slum areas and on the
grounds that the slum population is predicted tobd® in eleven years in this
country (Urban-Info, 2008), the slum crisis willtgeore complicated.

Regarding the scope of the Millennium Developmeaals (MDGSs) established by
United Nations, especially Goal 7 target ‘tie improvement of the quality of at
least 100 million slum dwellers by the year 2026he of the substantial steps in
meeting this goal is to find reliable procedures detecting and monitoring the
spatial characteristics of slum areas. Thus, oioigirspatial information about
informal settlements which is up to date is vital &ny actions of enhancement in
terms of urban and regional planning (Hofmatial, 2008).

However, a first step to be able to quantify andate the slum population is to
develop an operational definition of the tefstum”. An UN-Habitat expert group
meeting held in 2002 agreed on the following défimi: “A slum is a contiguous
settlement where the inhabitants are characteriaedhaving inadequate housing
and basic services{UN-Habitat, 2003a). Since a slum is often nobggised and
addressed by the public authorities as an integratqual part of the city, little
survey and census data can be found on slum daelleis essential, hence, to
develop a more comprehensive definition at housklelel in order to be able to
identify slum dwellers among the urban populatidurkstra and Raithelhuber,




2004). A“slum householdis defined as a group of individuals living undee
same roof lacking one or more of the condition®Wwe]lUN-Habitat, 2003b):

= Access to improved water;

= Access to improved sanitation facilities;

= Sufficient-living area, not overcrowded;

=  Structural quality/durability of dwellings; and

= Security of tenure.
Martinez et al., (2008) have illustrated that cities in Sub-Saha#ddrica are
generally worse off in terms of housing durabildapd access to safe water (see
Appendix 1). Dar-Es-Salaam in Tanzania is an exampthese Sub-Saharan cities;
with nearly 65 % (1,987,700 slum inhabitants) df luseholds estimated to be
living in slum regions (see Table 1). In additidbar-Es-Salaam is among the
world’s ten fastest growing large cities. Thathie reason for considerable concern
because history has shown that high urban growts ria Africa tend to translate
into significant urban informal settlement and sltommation (UN-Habitat, 2008),
(see also Appendix 2).

Table 1- Population and Growth Rate of Dar-Es-Salaam (source: UN-Habitat, (2008))

Statistics
Number of years the slum
Total Population Slum Population Urban Annual Grbwt population
will double
3,058,000 1,987,700 4.29 % 15

Such statistics should be used to inform politisiand governors about the state of
slum development and should provide information ptolicy makers on the
effectiveness of interventions that are aimed Evelting urban poverty through
slum improvement or other such strategies (SliarasKuffer, 2008).

Hence, it is of great value to investigate the ptalscharacteristics of slum areas,
the ways which lead to the information extractiohimformal settlements and
estimation of population living in these unplanmedions, particularly for the case
study of Dar-Es-Salaam. This investigation will calgid in monitoring the
Millennium Development Goals (MDGSs) of the Uniteatidns, the improvement of
the quality of at least 100 million slum dwellerg the year 2020 (UN-Habitat,
2003b).




1.1. Background

Use of Very High Resolution (VHR) airborne and Haéeimagery in meter or sub-
meter level has generated a new era in proceedititeanformation extraction of
slum areas based on object-oriented techniqueseatichation methods of the
number of slum inhabitants. In this section vari@utcles and relevant research
materials that comprised the use of object-orielafgoroach have been reviewed to
find a reasonable and cost-effective way of infdfamextraction. This section is
divided into two parts:

= Studies linked to object-based information ext@ct{information related

to buildings in particular); and
= Studies related to population estimation methods.

1.1.1. Object-Oriented Infor mation Extraction M ethods

Slum neighbourhoods are defined largely by theiyspdal and infrastructural
environment, rather than by the demographic charatts of residents.
Nonetheless, the important aspect of slum is thist & characteristic of place, not
specifically of the people residing there (Weeksl, 2007). For this reason it may
be possible to identify such places from sateifitagery.

Along with the increasing availability of new highsolution satellite and airborne
digital imagery, precise extraction of ground olgednstead of regions of certain
land cover classes, has become increasingly immoftad a variety of remote
sensing and GIS applications (Zhang and Maxwel)620 However, traditional
pixel-based classification methods, such as Maxinhikelihood and some Neural
Networks based approaches can hardly produceasdtisy classification results for
identifying individual objects, because an object high resolution imagery is
usually composed of heterogeneous pixels with wffe spectral attributes (Zhang
and Maxwell, 2006).

Several authors have described different methodghfo analysis and classification
of satellite imagery using different techniques tswas pixel-based and object-
oriented approaches which can be adjusted to ditnbeds of this research. In a
pixel-based approach conducted by Jain, (2007) émégsion technique of
multispectral and panchromatic IKONOS satelliteadads been used to increase the
interpretation capabilities for the identificatiof informal settlements in a part of
Dehradun, India. The research showed the poteuitidtie methodology to be used
to extract areas of poverty in regional scale withiban districts. However, on the
grounds that the focus of this research is on usiewy high spatial resolution
orthophotos, extracting information of slum builgénwill not be possible from the
pixels in this level of resolution, since they dot mold enough information and




cannot satisfy high resolution images’ classifigatiprecision to detect different
phenomena (Weet al, 2005). Whereas, for the detection of informatlsments
textural information is essential and object-omehtnethods offer new possibilities
to tackle these problems (Hofmann, 2001b).

Depending on the imaging scale and the detail afizpbinformation to be obtained,
detecting informal settlements can vary in its aithe aim can be either detecting
single shacks or just locating and outlining thfoiimal settlement areas spatially
(Hofmann, 2001a).

Giadaet al., (2003) have stated that the extracted informafiiom high resolution
satellite imagery for identification of refugee teras well as their spatial extent,
based on object-oriented classifiers performs st less than 3 % errors, while
the pixel-based methods yield results with err@tsvieen 10% to 15% (all with 95%
confidence interval error margin).

Cleveet al., (2008) have demonstrated that an object-basedagipr using high
resolution aerial photography provided 41.73% gneatccuracy than pixel-based
classification for built area category.

A case study of Dar-Es-Salaam done by Mayuwetgal., (2007), have explicated the
potential and capability of VHR images in extragtibuilding roofs in informal
settlements by comparing two different satelliteag®es. They explained that the
information contents (buildings in particular) edted from QuickBird imagery
coincide with the investigation made by Baltsaviand Mason (2001) on
information contents of IKONOS imagery.

Beside the use of object-oriented technique foragting urban features such as
roads and buildings, this method has been recagplied in a wide range of
application fields and have proven their success.examples in: urban environment
(Mathieu et al., (2007b); Mathieuet al., (2007a)); land cover/land use mapping
(Akbari et al., (2003); van der Sandet al., (2003); Carleer and Wolff, (2006));
landscape pattern (Zhou and Troy, 2008); bioditer&ialiberteet al, 2004); ship
routing and monitoring (Willhauckt al, 2005); monitoring mining activity (Pagot
et al, 2008) and reviving legacy population maps (Karie Leeuw, 2008).

11.2. Population Estimation M ethods

Apart from all the methods and techniques for détge monitoring and mapping
informal settlements, timely and accurate estinmtid the slum population is an
important task for governments, decision makersfanthe relief community.

As described by Lo, (2008) population estimatiomgigemotely sensed data has a
long history that can be traced back to the 197@snwaerial photographs were used
to provide intercensal estimates of populationoochieck on the census accuracy, as
illustrated by the work of Kraust al, (1974) and lisaka and Hegedus (1982).




Basically, population estimation from remotely sshslata can be carried out using
four approaches (Lo, 1986):

=  Counts of dwelling units;

= Measurement of areas of urbanization;

= Measurement of areas of different land-use; and

= Automated digital image analysis.
Lo’s first approach (counting of dwelling units) i®@w becoming feasible with the
general availability of orbitally acquired imageof adequate spatial resolution
(Harvey, 2002). However, dwelling unit counts andrresponding in situ
information on the number of persons occupying edwklling unit method is a
more complicated but potentially more accurate webif estimating population via
remote sensing (Watkins and Morrow-Jones, (198§)rd®, (2000)). Thereby, the
total population of an area can be derived by Iplyitig the total number of
dwelling units with the number of persons normédillyng in a dwelling unit (Wuet
al., 2005). The number of inhabitants living in a tiimg unit can be obtained from
household surveys or from census data. Stricthaldpg, models from this group
are mainly designed to estimate an overall pomrdatiount rather than population
density that is relevant to population distribut{@u et al, 2005).
Regardless of the methods that are used in stafisthodelling for population
estimation, all studies inferring population fromamotely sensed data and the
accuracy of their results largely rely on the sifethe area. The small-area
population estimation is often not as accurateaagetarea estimation. It may be
explained that over-estimation and under-estimagiencancelled out for large-area
population estimation and thus overall accuradyigh (Lo, 1995).

1.2. Problem Statement

Among the several issues that organisations arduitisns at local, national and
international level are trying to conquer, rapicwth of slum areas in Dar-Es-
Salaam during past decades, increase in humbdumf dwellers and the lack of
intercensal data at the appropriate spatial levelchosen as the most important
research problems of this work. Therefore, it isrtiwahile to search for
methodologies and techniques that offer effectolatons.

Tackling the mentioned problems, acquiring inforioxatfrom slum areas and
reflecting their spatial heterogeneity require ithentification of multiple objectives.
Based on the literature review, the following reshaobjectives have been
developed (see Section 1.3).




1.3. Resear ch Objective

The main objective of this research is to deterntme feasibility of using VHR
images in creating an accurate inventory of bugdino enable the estimation of
slum population based on the extracted buildingé. ro

1.3.1. Specific Objectives

Meeting the end of the main goal will be possibjesetting a number of specific
objectives and breaking down the general goal different aspects that can be
formulated as follows:
= To utilise object-based image classification trant slum buildings from
the VHR orthophotos;
= To evaluate the roof extraction quality in urbaimdes or low-density
areas and to compare it with high-density urbamsluand
= To assess whether the extracted information ordimgjl statistics can be
applied to estimate the number of slum inhabitants.

14. Resear ch Questions and Hypotheses

In view of the fact that previous researches hadimplemented the technique of

estimating the slum population, using very highohation orthophotos and object-

oriented analysis, it is suggested to bridge this gy answering the main research
guestions in the current work which are listed telo

a) How will be the roof extraction quality in urbanifges or low density
areas compared with high density urban areas?
Hypothesis:
Ho: There is no difference in the overall accuraayléev and high density areas.

b) Does the occupancy rate differ from ward to ward?
Hypothesis:
Ho: The ratio remains constant irrespective of laatf slum wards.

c) What will be the correlation between the populatidslum inhabitants and
roof area of the buildings like?
Hypothesis:
Ho: Size of the population is not proportional to thef area of buildings in slum
areas.




1.5. Resear ch Approach

Figure 1 demonstrates the research approach dsttidy which is pursued by the
author.

1.6. Structure of the Thesis

Chapter 1 Introduction

The chapter provides an introduction to the slutuasion in the World and
especially in Africa, followed by a literature rew in the background part. It also
describes the problems and facing challenges, tijectives and the research
guestions and hypotheses.

Chapter 2 Materials and Methods

The first part of this chapter gives an overviewuaithe study area, the data and the
software that are used to develop the methodshé&wumore, limitations of the data
and characteristics of slum buildings in the stadgas are noted. The second part
explains the methods which lead to the extractiédnslam building and the
estimation of slum population.

Chapter 3 Results and Discussion
Results of the object-oriented image analysis agced in this chapter; thereby, the
outcomes are statistically analysed and their @aoguare assessed and discussed.

Chapter 4 Conclusions and Recommendations
This chapter is arranged to make conclusions basedn overall review of the
results. Further the possible applicability of tineplemented method for future
studies is evaluated in the recommendation part.




Figure 1- A basic flowchart showing the entire resear ch approach
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2. Materials & Methods

Section 2.1 to section 2.6 provides an overviewuabite study area, the data and the
software that are used to develop the methodshé&umiore, limitations of the data
and characteristics of slum buildings in the stadyas are noted. In section 2.7 and
2.8 the methods which lead to the extraction ofnshuilding and the estimation of
slum population are explained.

2.1, Study Area

Why Dar-Es-Salaam City?

Most Urban centres in Tanzania have been experigngigh urbanisation trends
and uncontrolled growth of informal settlements rovke past four decades.
However, Dar-Es-Salaam is the main centre accomtimdeore than a quarter of
all urban informal residents. Therefore, the chatBar-Es-Salaam is made for two
main reasong-irst, Dar-Es-Salaam is the largest seaport, industiéahmercial and
administrative centre in Tanzania. Because of théetlying socio-economic and
political interests, it displays more urban infrasture and housing problem than
any other urban centre in Tanzantecondly because of its status and role at
national and international levels, it is easiegéb access to data and information in
land servicing in informal settlements (Kyessi, 2D0'he method that is expected to
extract slum houses and estimate slum populatiodeieloped for three wards
called “Manzese”, “Tandale” and“Charambe” in two different municipalities in
Dar-Es-Salaam, Tanzania (see Figure 2). The seteofithese three wards is based
on the rich experience and local knowledge of npesusors.

The study areas are characterised by slum setttesnoénvhich two of them called
Manzese and Tandale are recognised as high deskity areas, located in
Kinondoni municipality. Charambe is the third sééecstudy site, a medium size
ward situated in Temeke municipality. While Manzesel Tandale are considered
as older slum establishments in Dar-Es-Salaam @£uff2001); Sliuzast al,
(2004); Ameret al, (2007)), Charambe has relatively new settlemantsit is less
dense.

Nonetheless, not the entire area of the selectedlsvhas been covered in the
research given the limited time and resources.




Figure 2- Localisation of study areas. selected wardswithin the municipalities of Dar-Es-Salaam
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2.2.

Input Data

The datasets used in this research (assuming theédpd dataset is accurate) are
listed below:

23.

Very high resolution (0.6 meter pixel size) digimthophotos of the year
2005. The image dataset has red, green and blugsbgeographically
projected (by the image provider) to the UTM zomsS IWGS-84) with
WGS-84 Datum;

Administrative boundaries at municipality, ward aub-ward level created
by Dar-Es-Salaam City Council based on aerial piraiohs and 1:20,000
topographic maps;

A shapefile (polygons) dataset including the larmdcpls of squatters of
Dar-Es-Salaam;

A comprehensive geodatabase comprising attribiitiesaof land parcels,
building uses with the number of occupants, souoééscome etc., for the
municipalities of Dar-Es-Salaam; and

A collection of CAD files (DXF format) created bakseon aerial
photographs and 1:2,500 topographic maps in the3@20. In the maps at
this scale individual buildings (outline or solidan be shown clearly
(Polle, 1996). The DXF files are already conveitgd features (polylines)
by the data provider. The building centroids (pgjiretnd their roof areas for
the entire city are included in the dataset.

Software

In order to develop the methodology of this stuthyee software technologies are
employed as follows:

Definiens eCognition 7: eCognition is used to implement the image
segmentation and object-based classification proresd

Why eCognition?

Segmenting an image into meaningful objects isftimelamental step in
object-based image analysis; in that the total @aguof object-oriented
classification is highly dependent on the qualitynosage segmentation. By
doing so informative attributes (shape, colourtuex etc.) can be created.
A comparison of segmentation programmes for higéoltgion remote
sensing data (representing an urban and a rurdkdape) conducted by
Meinel and Neubert, (2004) has shown #abgnition has a high potential
in creating meaningful objects due to its multifsceegmentation and the
fuzzy logic based image classification capabilitiés the mentioned
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research seven segmentation programmes were cane@agnition 3.0,
Data Dissection Tools, CAESAR 3.1, InfoPACK 1.0,alge Segmentation
for Erdas Imaging, Minimum Entropy Approach to Adae Image
Polygonisation and SPRING 4.0he comparison showed that the best
segmentation results have derived froeCognition and InfoPACK
software. However, the use of InfoPACK leads to enower-segmented
results. In addition, the ability of exporting Git€adable vector (shapefile)
and raster format ireCognition is considered as an advantage for this
specific software.

Therefore, among the several programmes which perfthe image
segmentation techniquesCognition software developed by Definiens
Imaging (Definiens, 2007b) is chosen for the puepofthis study.

= ESRI ArcGIS 9.3: is used because of its capabilities and facilifies
dataset management, pre-processing of raster artdr\@ata, mapping as
well as comparative analysis.

= Microsoft Office Excel 2003: is used for the statistical analysis part.

24. Data Preparation

The VHR orthophotos are in MrSID format (filenameension .sid) and are not
compatible with DefiniengCognition software. Thus, they are exported as GIM
files (ERDAS Imagine format) to be in a compatibhed readable format. Since only
portions of the study areas were needed to runnthge analysis part, the images
were then subset to smaller extents (1000 x 80@nsjetto save on computation time
and also to fit in the extent of the squatter’sp&tide dataset. The image subsets are
assumed to be a representative region of eacleafairesponded wards.

The land parcel attribute table included in the dgabase comprises ample and
useful information which two of the most importaattributes are the number of
inhabitants and buildings in each land parcel. €hatributes would be even more
valuable in conjunction with the shapfile dataskEsguatters; in that, it would be
possible to know exactly how many people are livimgach parcel. Inasmuch as
both squatters dataset and land parcel attribbte teave the same and unique code
for each land parcel, by using ArcGIS it is praahie to join the land parcel
attribute table to the squatters dataset baseldeoaliove mentioned code.

Finally the DXF files are converted from polylingspolygons using th&eature to
polygon” tool in ArcToolbox in order to make the roofs asygons for future
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analyses. Digitisation, nevertheless, is accometisas a supplementary process to
make the roofs in those areas where the refereolgggns are not available. The

digitisation procedure is assumed error-free. Thidimg roofs are then used as

reference data for the accuracy assessment oéslogts.

2.5. Limitations of the data

The below statements are considered as the lionigof the data:

= |t is challenging to use digital orthophotos. It Wb have been more
functional to use high resolution multispectral [@st with NIR band)
images with original DN (Digital Number) valuestike advantage of the
spectral signature;

= As a rule of thumb, buildings are elevated objedise most apparent
information about buildings is their elevation campd to their
surroundings. Hence, lack of Digital Surface Mod@@$M) is observed as a
constraint. The usefulness of DSM in object-badedsdication has been
shown in different studies (Mavrantza and Argia[@807); Baltsavias and
Mason, (2001); Sohn and Dowman, (2007));

= Unavailability of up to date information, both rast(orthophotos, 2005)
and vector data (roof coverage, 1999); althoudias to be mentioned here
that the roofs coverage for Manzese and Tandalesa@wo of the oldest
slum wards) have not been changed very much si@88.However, this
issue is problematic in new urban growth areas [Hearambe ward.
Moreover, some problems emerged because of the diffezence in the
dataset which is used for this study. The databeiqoatters of Dar-Es-
Salaam is for the year 2006, while the digital opthotos are from 2005.
Thus, there are some occupied land parcels witthaicemumber of
inhabitants where there is no building in the imégethat particular land
parcel. Thereby, the mentioned land parcels areuaigneliminated from
the analysis process;

= Co-registration errors caused by the scale difieebetween the VHR
orthophotos (0.6 m pixel size), the aerial photpbs and topographic
maps (1:2,500) that has been used for the creatioyof polygons; and

= Despite the fact that the whole provided datasetsafficient for the needs
of this study, although they cause some issuespainiy able to collect
ground-truth data in the field but to use digitatalsources as ground truth
causes some limitations. Gaining local knowledgd feld observations
can provide valuable information about the urbammnsl. The ideal situation
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would be to combine both data collection in thédfiand other sources of
digital data (Lemmat al, (2006); Kuffer, (2001)).

2.6. Characteristics of Slum Buildings

In order to formulate a strategy for extractiorttod slum buildings from imagery, it
is essential to answer this question: what chariatitss of slum can be derived from
remotely sensed data? It has to be consideredhlaaacteristics of slum settlements
can most efficiently be derived through visual iptetation, integrated and
combined with GIS analysis of the provided dataséte process of visual
interpretation of VHR orthophotos is not automateat, requires expert knowledge,
systematic search and additional data to ensueetefé identification of the target
features (i.e., buildings). It is very time consomiand is not feasible for searching
over extensive areas (Ward and Peters, 2007).
However, the answer to the question can be giveexiploring the urban ecosystem
aspect and physical characteristics in conjuncti@ether. Vegetation, impervious
surface and bare soil are three main componentghentasic characteristics of an
urban scene derived from satellite imagery (Rid§96); Stowet al, (2007)).
Generally, it is expected that slums will have anbiation of impervious surface
(largely from roofs) and bare soil (especially steeand walkways) that would
indicate residential areas in a Sub-Saharan cityy,cbmmonly characterised by a
general lack of vegetation, at least in comparisoother residential areas (Weeis
al., 2007).
Nonetheless, the proportional abundance of eatheske types may vary from city
to city and from ward to ward. High levels of impeus surface (mostly from
roofs) is an indicative of dense slum wards suchlaszese and Tandale, while this
is not the case for Charambe as can be seen imeFgyand Figure 4. Charambe
ward, in contrast, is less dense, the spacing legtwiee houses is larger as that of
Manzese and Tandale wards and has more area cdwervegetation and bare soil.
Typically, the slum settlements in the selected dwaare characterised by the
following properties:
= Single storied and pitched-roof buildings; in soroases with near-
horizontal roofs;
= Simple geometry. An investigation of building shagypology in roof
polygons dataset (reference digitised data) showted in Charambe,
Manzese and Tandale wards, most of the roofs aidet}, (see Table 2);
= The majority of the roofs are constructed from agated iron and zinc
sheets with variable textures. The colour of thefs@mccur mostly bright
grey to bright blue and in some parts bright redddk brown; and
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= Irregular patterns of buildings without any ordepgtkntation.

Figure 3- Typical slum settelmentsin Manzese and Tandale wards

: . ‘33‘" '.U‘i'z‘;:_‘,r‘é‘t& d J ‘iy .!‘ ™y f*

Gaining basic knowledge of the study site is otipalar importance for developing
and setting up rules and methods for the imagegssicg stage. Next section will
focus on the consideration of the above mentiortegsipal characteristics of slum
settlements to outline the procedure of objectrtee classification.
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Table 2- Summary of Physical Characteristics of Sum Buildingsin the study areas

Roof
Roof Area (nf Roofi Buildi
oof Area (n) B oofing uilding Use
Ward I %
z > = O s g | o . 0 2
5 5 & g = » = By ]
- @ @ > @ T
o o) —‘N
o
Charambe 13 118 325 86% 14% 959 5% 81% 2% 17%
Manzese 12 108 660 85% 15%) 929 8% 7% 12% 11%
Tandale 12 105 353 88% 12% 929 8%  84% 7% 9%

Ave: Average

R: Residential

C/R: Commercial/Residential

1- The big roof area numbers belong to few attachédihgs making residential complexes.

2- Other roofing materials: Asbestos Cement, Thatobdput leaf), Roof Tile and so forth.

3- Other building uses (not included in this study)sgue, church, school, shed, vacant plot, play
ground and factory.

2.7. Object-Oriented Image Analysis

Unlike traditional pixel-based methods, an objedtmted method for image
analysis treats the image as a set of meaningfelctsbrather than pixels. Objects
are defined on the basis of the internal homogerefittheir spectral values, the
contrast with neighbouring objects, their own satind spectral characteristics, or
a combination of these three properties (Gietdal, 2003).

Object-oriented image analysis has the advantagsiofy a hierarchical network of
image objects, so-called image segments. Advantialsject-oriented analysis are
meaningful statistic and texture calculation, acréased uncorrelated feature space
using shape (e.g. length, asymmetry, etc.) andlagmal features (neighbour,
super-object, etc.) and the close relation betwesat-world objects and image
objects. This relation improves the value of theaficlassification and cannot be
fulfilled by common, pixel-based approaches (Behal, 2004).

The analysis plan for meeting the objectives of 8tudy is a step-wise process in
eCognition software (Definiens, 2007b) that has bdepicted as a flowchart in
Figure 5. A detailed description of each step avjated in the following sections.
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Figure 5- Object-oriented image analysiswor kflow
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2.7.1. I mage Segmentation Processin eCognition

Defining meaningful objects is an immediate tasktfee feature extraction method.
From the point view of remote sensing, most oftehudding object is actually
visible as the building’s roof (Tian and Chen, 2p@wing to the fact that the main
goal of this study is to estimate the number ofrsldwellers based on object-
oriented image analysis, the extraction of the shuifding roofs will be examined
as the preferred type of object.

In eCognition software, objects are extracted from timage in a number of
hierarchical segmentation levels. The tersedmentatioh means:“an operation
that creates new image objects or alters the mdaahoof existing image objects
according to a given criteria'(Definiens, 2007c). The segmentation process ean b
done either by top-down or bottom-up strategies {&gure 6).

Figure 6- Two different segmentation strategiesin eCognition (sour ce: Definiens, (2007c))

I Entire Image

Ll

s e | s | s | s | s | w— w— w—]

Sesearsbessttasasersstisstistissetssensssanassisssssnses Pixel Lovel

a) Top-down strategy: cutting objents smaller objects

I Entire Image

i i | s | s { ) — | s—)

........................................................ Pixel Level

YBottom-up strategy: assembling objects to crisater objects

2.7.1.1. Chessboard Segmentation

eCognition software provides the ability to impo#gctor data. Specifically, attribute
tables (even from single attribute or record) mayimmported as complementary
information. By doing so, several objects repraggrthe land parcels are generated
for the subset scenes based on an approach t@hedsboard Segmentatio(C9
which is a top-down segmentation strategy (Defigj@®07c).
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As an assumption, only land parcels with
residential and commercial/residential
usage are considered for this study. The
land parcel vector file accompanying by
the two mentioned usages are included in
the CS process. Figure 7 illustrates the
delineation of the residential and
commercial/residential parcels in
different views. The added thematic
layer into the chessboard segmentation
process resulted in additional splitting of
image objects while enabling consistent
access to its thematic information. This
function drastically reduces the number
of units to be handled for the upcoming
image classification; consequently, it
lessens the treatment time.

The most important parameter @S
which has to be defined by the user is the
object size. In order to produce image
objects based exclusively on land parcel
thematic layer, the object size must be
selected larger than the image size

Figure 7- Delineation of land parcelsin a
sample study site

(Definiens, 2007a). In other words, the
object size must be set to a number which
guarantees that one tile is generated only. Sineestibsets of the study areas are
hardly larger than 2000 by 2000 pixels, a settih§@D0 pixels is on the safe side
(see Table 3).

Table 3- Chesshoar d segmentation object size parameter for the analysis

Wad | poumage | Suecliteimase  pigishie | Chessbeat Obec
Subsets
Charambe 0.6 1000 x 800 600 x 480 5000 x 5000
Manzese 0.6 1000 x 800 600 x 480 5000 x 5000
Tandale 0.6 1000 x 800 600 x 480 5000 x 5000
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2.7.1.2. M ulti-Resolution Segmentation

The next step after mapping out the residential emchmercial/residential land
parcels is to perform a multiscale image analysethaod. This method is well-
known as “Multi-Resolution Segmentation” (MRS technique embedded in
eCognition software (Baatz and Schape, 2000). Setinteran image by this
approach is based on a set of criteria groupeddrgogle image parameter called
“Heterogeneity”. Three criteria are used to describe image olfjet#rogeneities:
colour criterion, smoothness criterion and compassncriterion. The smoothness
and the compactness criteria are additionally surizex to the shape criterion. The
colour and shape criteria can be weighted accortbnthe type of object to be
classified. Scale parameter is the most determiféntpr of MRSwith regard to the
size of objects (Stet al, 2008). Scale parameter is an abstract term which
determines the average image object size; the hifjeescale parameter value, the
larger the image object becomes (Definiens, 20@edails are to be found in Baatz
and Schape, (2000).

MRSis a bottom-up segmentation strategy, where thallest object contains one
pixel. In subsequent steps, smaller image objeetsreerged into larger ones based
on the chosen scale, colour and shape parameteh. farameter can be weighted
from O to 1. Within the shape setting, smoothnasd eompactness can also be
weighted from 0 to 1. Th&VRS approach allows for segmenting an image at
different scales, which is used to construct aan@hical network of image objects.
The image objects know their horizontal neighbdadjacent objects on the same
level) as well as their vertical neighbours (olgeoh different hierarchical levels);
the latter also termed sub-objects and super-abjddliberteet al, 2004) (see
Appendix 3 for object hierarchical network in détaf he multi-resolution concept
flow diagram is shown in Figure 8.

In addition to scale parameter, shape and colatarie, the contribution of the input
image channels in segmentation process is of gremirtance. Image channels can
be weighted differently; nevertheless, when workwith image data of comparable
channels in size and content such as the image adatisis study, each channel
should be weighted equally (Hofmann, 2001b).

The MRS parameters for the study sites are assigned tdéewvacha realistic
segmentation of the land parcels super-objectyel@rirom theCS such that the
roofs of the smallest dwelling units are delineat€tharacterisation of an image
object based on its super-objects, e.g. dwellingisumelonging to a super-object
residential land parcel will be classified as resiihl house, whereas the rest of the
objects will remain unclassified. The resultivtiRS parameters are summarised in
Table 4.
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Figure 8- Multi-resolution segmentation work flow diagram
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Scale Parameter: Defines the maximum standard deviation of the hgeneity criteria in regards to the
weighted image layers for resulting image objects.

Composition of Homogeneity: defines the total relative homogeneity for theultssg image objects.
Criteria: each pair of criterion can be weighted from 0.to 1

Colour: digital value (colour) of the resulting image atige(Colour = 1 — Shape)

Shape: defines the textural homogeneity of the resultintage objects (Shape = Smoothness +
Compactness)

Smoothness: optimises the resulting image objects in regardh® smooth borders within the shape
criterion (Smoothness = 1 — Compactness)

Compactness. optimises the resulting image objects in regardh® overall compactness within the
shape criterion

(source: Definiens,(2007a))

All parameters of MRS are assigned through a trial-and-error but sydfiema
experimentation. First of all, the segmentatiorapaaters are defined for Charambe
study area where separable buildings are availadethus the visual investigation
through the entire image subset is straightforwdilte tested scale parameter is
ranged from 50 to 10. Eventually, the scale parameft 15 gave the most visually
pleasing result for Charambe. Since the residert@ises in this region are
relatively new, they look more homogeneous in teaisoof's colour compared to
the building roofs in Manzese and Tandale. Thusctilour parameters representing
90%, 20% and 20% are defined for Charambe, ManaedeTandale, respectively.
The same trial-and-error but systematic strategyngemented for assigning the
MRSparameters of Manzese and Tandale.

It has to be noticed that the changes in diffeMRiS parameters have taken place
simultaneously. In other words, several combinatioh the parameters are tested
and one optimum set of parameters is selected &oh study area based on the
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visual inspection of the resulting objects, as alescribed by Inet al, (2008) and
Nobregeet al, (2005).

Table 4- Multi-resolution segmentation parametersfor the analysis

Image layer weight
Ward Scale parameter | Shape® (%) Colour (%)
(no unit) . G =
Charambe 15 10 90 1 1 1
Manzese 10 80 20 1 1 1
Tandale 10 80 20 1 1 1

1- Smoothness and Compactness factors are weightedly within the shape parameter.

As the results of the image segmentation strongpedd on the image data and the
assessment of the segmentation results depentte atassification task, it is almost
impossible to suggest well-suited segmentation mpaters in general (Hofmann,
2001b).

2.7.2. Extraction and Classification of | mage Objects

The real strength of object-oriented analysis liesa combination of multi-scale
segmentation with subsequent contextual analysisyeby the spatial, spectral, and
contextual properties of extracted segments atwdifft spatial scales are used in
conjunction with spatial rules in a subsequentsifeesition (Sliuzast al, 2008).
The object features provided #Cognition software supplies a large number of
shape, spectral and textural attributes that aesl @& sources of information to
define the inclusion or exclusion parameters useddssify image objects. Object
features are obtained by evaluating image objdutsnselves as well as their
embedding in the image object hierarchy. In a groligix, object features are as
follows (Definiens, 2007c):
1. User-customised features;
2. Layer values: this feature describes image objsittsinformation derives
from object spectral properties;
3. Shape feature: the basic shape feature are caldut@sed on hierarchical
structure;
4. Texture: this feature performs based on an anabfssb-objects;
5. Hierarchy: This feature provides information abthg embedding of the
image object in the image object hierarchy; and
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6. Thematic attributes: the object’'s thematic progsrtinay be evaluated by
this function.

Each object feature group comprises of several gsabps (e.g., mean layer,
brightness, asymmetry, width, existence of supesutx-object). Image objects may
be extracted and classified by combining one oremof these features. The
classification of the objects ieCognition software can be done by two methods:
fuzzy membership functions and nearest neighboassdier. While the fuzzy
membership functions describe intervals of feataoharacteristics wherein the
objects do belong to a certain class or not, ttsest neighbour classifier describes
the classes to detect by sample objects for eads evhich the user has to determine
(Hofmann, 2001b).
Firstly, the fuzzy membership thresholds are im@etad for the object features of
group 2 and 3 to describe and classify differeas®ts. The ratio of the bands (see
Equation 1) is used in the subsequent building edfaction process based on a
machine-learning decision tree. Moreover, lengthwialth ratio function (see
Equation 2) is used just for the separation ofshadows casted by the buildings.
Not all the object features provided bognition are used for the classification of
the image objects. All features concerning tex{greup 4) are based on sub-object
analysis (Definiens, 2007a) that is not applicalole this research, since all the
analyses in this study are on the basis of landgisisuper objects. Object features
from group 5 and 6 are already embedded in theldeweent of the classification
process, but not as separate object features.
For most of the roofs in the study areas, the ratiblue channel is comparatively
high, see also Yuan and Bauer, (2006). Howeverrdtie of red channel is also
used to include the roofs in red colour in the @otibn procedure. Although the
contribution of vegetation and green areas in slwban environment is low, they
must be masked out as a different class in theegeodn some cases the trees are
misclassified as buildings and this is becausésofeflectance also in blue channel
which has been applied for the extraction of theftaps. Hence, the ratio of the
green channel is used exclusively for the separatiothe vegetated areas inside
each land parcel.
Referring to section 2.6 most of the buildingshe study wards are single storied.
Thus, in terms of geometric characteristics, shadoasted by the buildings are
narrow in width. The length to width ratio, therefowould be an appropriate class
descriptor for the separation of the shadows, affhathe ratio varies with the sun
azimuth and elevation angles.
Fuzzy membership functions are incorporated at fife¢ level of object class
categorisation process. Building rooftops, vegetateas and shadows are filtered
out corresponding to the fuzzy thresholds that Hmeen set for each class.
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Equation 1- The" Ratio" object featurein eCognition

| I
I Ratio: 1
I The ratio of layer K reflects the amount that layércontributes to the total !
: brightness. :
1 1
| Parameters: 1
I Wi?: Brightness weight of layer K 1
I = I
| C « (v): mean intensity of layer K of an object v |
: C (v): brightness :
| I
I Equation 1: |
1 - 1
= Ck (v
I it W2 = 1 andC (v) # 0 then Ration =— ) !
: C(v) :
: If Wi = 0 or C (v) = 0 then ratios is equal to 0. :
I Feature value rang<¥0,1.| |
1 1

Length/Width:
Length to width ratio is calculated by comparing ttesults of two models and
taking the smaller number as the feature value.

Equation 2:

y(v) = miny andmin y>°

Where:

V., + is length/width ration of image object v
vaV : ratio length of v of the eigenvalues

y\?B: ratio length of v of the bounding box

For more details please refer to Definiens, (2007a)

Table 5, Table 6 and Table 7 represent the clagsasiyre objects and fuzzy
membership thresholds that are used during thea@idn and classification
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procedure for Charambe, Manzese and Tandale waedpectively. The fuzzy
thresholds are derived from a series of tests adhesstudy areas.

Table 5- Classes, object features and their fuzzy thresholds defined to extract and classify objectsin

Charambe ward
Ward Class Object feature Membgrshlp Thresholds
function
Common Blue channel 0.305 - 0.33
Building roofs ratio Vi

roofs 4

Red roofs | ed channel 0.381 - 0.465
ratio
Charambe G - I

Vegetated areas reen C anne /[ 0.35-0.645

ratio 4

Shadows Length / Width Va 4.47 - 26

Table 6- Classes, object featuresand their fuzzy thresholds defined to extract and classify objectsin

Manzese war d
. Membershi
Ward Class Object feature em (-?‘rs 'P Thresholds
function
Bl h |
Common ue c. anne 03-037
Building roofs ratio 7
roofs 4
Red roofs Red channel 0.35-0.42
ratio
Manzese G - I
reen channe
Vegetated areas . / 0.356 — 0.478
ratio 4
Shadows Length / Width / 3.51-22

High spectral heterogeneity within the roof andebground objects in the study
wards caused misclassifications and decreasecetied df object separability (see
examples in Figure 9). The purpose now is to ektpact of the roofs which are
ignored or misclassified by the fuzzy membershigssifier. Hereafter;Nearest
Neighbour” (NN) classifier is used to examine whether it is pgassto refine the
classification results derived from the fuzzy memsbh@ classifier.
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Table 7- Classes, object featuresand their fuzzy thresholds defined to extract and classify objectsin

Tandaleward
Ward Class Object feature Membgrshlp Thresholds
function
Common Blue channel 0315 — 0.378
Building roofs ratio
roofs 4
R h |
Red roofs ed C. anne 0.356 — 0.413
ratio
Tandale S - I
Vegetated areas reen c anne 0.356 — 0.412
ratio 4
Shadows Length / Width = 5-19
Figure 9- Common misclassification examples of roof and bare ground
Original view Segmentation view Classification view
o

Upper row: typical settlement of Charambe ward
Lower row: typical settlements of Manzese and Tandards

2.7.2.1.

Classification Refinement Based on NN Classifier

Classification with membership functions are baseduser-defined thresholds of

object features. In contrast, nearest neighbowsifleation uses a set of samples for
different classes in order to assign membershipeglAfter a representative set of
sample image objects has been defined for each, ¢lees algorithm searches for the
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closest sample image object in the feature spacedoh image object. In fact, this
algorithm computes the Euclidean distance fromdbject to be classified to the
nearest training object and assigns it to the atdghe training object (Inet al,
(2008); Definiens, (2007c)). The principle of th&l classifier is illustrated in Figure
10.
Based on the image object’s feature space distémdés nearest neighbour, a
membership value between 0 and 1 is assigned byl#ssifier. The closer the
potential degree of membership to 1 is, the highemprobability of belonging to the
same class as the user-defined samples. The ménigh&raction diagram created
by NN classifier is shown in Appendix 4.
The “Feature Space Optimisation(FSO function ineCognition software offers a
mathematical method to calculate the best comlminatif features in the feature
space. In order to classify image objectsNdy classifier, implementing the below
steps are indispensableRBO function:
= Selecting the favoured classes that are going tdssified;
= Training the classifier by selecting a small humbérsamples for each
class;
= Determining an initial set of feature objects, esponding to the purpose;
= Defining the maximum number of features within eacimbination FSO
function will choose the best combination of featifrom the initial set);
= Calculating the best separation distance betweensimples (separation
distance value is the minimum overall class contibna, because the
overall separation is only as good as the separatiche closest pair of
classes); and
= Applying the nearest neighbour classification te thasses based on the
optimised feature space.
In light of the above explanations, thiN classifier is applied for individual study
areas. A sample size of n=10, assumed to be dis@ttirepresentative of a certain
class and feature, is selected for each class.NN@&assifier classifies a part of the
scene correctly even when selecting a small sasiptefor each class (Definiens,
2007c). Image objects which are classified incdlyeare likely to be at the border
between the feature spaces of the classes. Bytisglex bigger sample size along
the border between the classes, the borders caaldiefined more accurately.
However, increasing the number of sample size inaineady well defined areas,
will not add information (Definiens, 2007c).
Among the object feature groups (refer to sectioh2), Mean Layerand Pixel-
Based Ratideatures (8 features in total, see Definiens, {2)Dbelonging to group
2 are inserted into thESO function to see how th&IN classifier can refine the
classification and decrease the number of misdledsibjects.
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Determining an initial set of feature objects foe ESOfunction is just based on the
purpose of the classification and the objects talassified. A maximum number of
three object features (out of eight) are defineBS® function, in order to compute
the separation distance. TH&SO results have shown that the most effective
combination of feature for the separation of thessés is: the ratio and mean of red
channel and the ratio of blue channel, representiegbest separation distance of
1.7, 1.92 and 1.53 for Charambe, Manzese and Tendapectively.

It is important to notice that the best selectibisample size and object features for
running theNN classifier is achieved through an iterative praced

Ultimately, the classification algorithm ieCognition software uses the class
descriptor (here is the nearest neighbour descjipiassign a class. It evaluates the
class description and determines on this basis hehein image object can be a
member of this class. According to the aim of tsiisdy, the objects of interest
which have to be extracted and classified are mgldoofs. By the time that the
entire classification procedure is ended, the wsthe objects (e.g., shadow,
vegetated area, bare ground) are considered aasgifidd objects category. Figure
11 shows how the classification results changBlByclassifier.

Figure 10- Principle of the nearest neighbour classification (source: Definiens, (2007c))
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Figure 11- Classification refinement based on NN classifier
Original view Segmentation view Classification view

<

L]

=

Upper row: typical settlement of Charambe ward
Lower row: typical settlements of Manzese and Tandards

2.7.3. Export of Classification Results

Derived objects from the sequential classificatyocess have to be exported, so
that detailed analysis and further investigatioas be done in the downstream GIS
tool that uses the data (Robsstral, 2006).

However, the first step is to reduce the numberladsified segments resulted from
the MRS method.“Merge Region” function is used to merge all the neighbouring
image objects of a specific class to one large atbjeithout changing the
classification. Thereby, the image segments onofopach roof are merged into a
single object making the building roofs.

The second step is to export the roof objects dggpos together with their
attributes. A large range of feature values mag blks exported as the attributes of
the roof polygons. Nevertheless, the only featwakiey that is of great importance
for the next phase of the analysis (estimatingnin@ber of slum inhabitants) is the
“Area”. Accordingly, all the merged roofs of the threedst wards are exported as
smoothed polygons with the mentioned object feature

2.74. Accuracy Assessment of the Roof Extraction Process

As the application of object-oriented image analysicreative for the objective of
this study, it is important to test and assess a@beuracy of the objects being
produced. The digitised roof polygons are used esfexence data to evaluate the
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quality of the roof extraction. Under assumptiorbefng a representative sample, a
sample size of n=550 for each study area is detehniThe size of the sample is
calculated by analysing the sampling error (prolitgbievel of p=0.05, allowable
error of 10%). All the formulas for calculating tkampling and allowable error is
shown in Appendix 5 (more details to be found irifipson, (2002)).

Using both extracted roofs and reference polygansvector format, different
parameters are assessed and the results are cefsméeChapter 3): the number of
detected buildings, the total extracted roof anec the ratio of roof area coverage
(intersection area between extracted and referbuitdings). Such parameters are
important for slum urban monitoring, planning andnagement.

2.7.4.1. Extraction rate

The number of detected buildings derived from samiematic extraction process,
plays a significant role in calculating the extrantrate. Mathematically, extraction
rate can be expressed as the blow equation (Avragiaah, (2004); Mayungat al,
(2007); Stassopoulcet al, (2000)):

BER= BCE
RBF

x100 (Equation 3)

Where BER is the ‘Building Extraction Rate’ BCE is the number ofBuilding
Correctly Extracted”and RBP is the number ofReference Building Polygons”
The only assumption defined for calculating BieRis that if a reference building is
covered by more than 25% of an extracted buildisee (Equation 4), then it is
considered as a correctly identified building. Taibitrary threshold is fixed to take
into account the co-registration errors and the faat semi-automated extraction
process may not delineate entire buildings as maphbato-interpretation does
(Durieuxet al, 2008).

2.7.4.2. Roof Area Coverage

In the roof area coverage metric, the intersected detween reference polygons
and extracted buildings is computed in percentdde “Roof Area Coverage”
(RAC) is characterised as the roof area coverage ofexfacted buildings with
respect to the reference polygons, as shown byttequé:

RAC= EBAX 100 (Equation 4)
RPA
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Where RAC is the “Roof Area Coverage EBA is the total“Extracted Building
Areas” andRPAIis the total'Reference Polygon Areas”

The accuracy of the results is also assessed éttgp of the assumed coverage
threshold (25%) and co-registration error. Ovewmdkuracy, user and producer
accuracy and Kappa statistic are computed froncdinéusion matrix.

2.8. Estimation of Slum Population

The statistical modelling approach for estimatihg population of slum inhabitants
is interested in inferring the relationship betwegeopulation and other variables
such as the urban area, land use and number ofimiyvahits (see Section 1.1.2).
However, the model designed for the purpose of shisly is calledRoof Area”
(RA) which uses a combination of different factors RA model, population has a
direct relation with roof area and also with rooéa per person. The constitutive
components of this model are shown as a matherhétiuztion in Equation 5:

TEP = EBAx RApP (Equation 5)
And
RPA
RApP=—— Equation 6
p TRF (Eq )

Where in Equation 5TEP is the“Total Estimated Population” EBA is the total
“Extracted Building Areas”andRApPis the“Roof Area per Person’In Equation
6, RPA s the total‘Reference Polygon Areasand TRP is the“Total Reference
Population”.
The roof area of dwelling units is the independeatiable, whereas the total
population is dependent on the particular studg &Reirusottam, 1998).
Two main assumptions for estimation of slum popaotaare as follows:

= Al buildings within the study areas are of resitigihor commercial/

residential use and of one storied height; and
= All buildings within the study areas are occupied.

281 Accuracy Assessment of the Slum Population Results

Accuracy assessment of the estimation of slum pjoul process is of great
importance, since it is the main objective of ttesearch. In addition to’Rvhich is
often used to evaluate the performance of a modséd on the modelling dataset,
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“Relative Error” (RE) is used to assess the model performance basetheon
validation dataset. The relative or proportionaloerof population estimation is
defined as:

TEP-TR
RE= u x100 (Equation 7)

TRF

Where TEP and TRP are the“Total Estimated Population”and the “Total
Reference Population’respectively. Since the error of estimation fodividual
study areas may be positive or negative, an avexfitie absolute values of relative
error is further calculated (see Equation 8) wihgchn indicator of overall accuracy:

278

n

MRE = (Equation 8)

WhereMRE is the“Mean Relative Error” andk indexes the number of study areas
that isn (Lu et al, (2006); Harvey, (2002)).

The accuracy of the population estimation ressltsl$o evaluated regardless of the
assumed coverage threshold (25%). User accurathyeatlass “Building” plays an
important role in the estimation of slum populatiom that it has a direct relation
with the amount of roof area which is extractedtiiozorrectly and incorrectly) from
the applied methodology.
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3. Results & Discussion

The results of the applied methodology for roofastion process and estimation of
slum population are evinced in this chapter; thgrébhe outcomes are statistically
analysed and their accuracy are assessed andstidcus

3.1 Results of the Roof Extraction Process

The purpose here is to evaluate the capacity ofdbé extraction methodology to
estimate the slum population. It is decided, treeef to first concentrate the
accuracy assessment on the estimation of the ndodation quality in different
study wards. The resulted maps of the roof extragirocess for three sample study
areas in comparison with the reference roof polggare shown in Appendix 6.
Visual inspections overlaid with the reference dateealed that the shape and the
orientation of the extracted buildings are diffdramd that there are some small
positional errors. It is important to mention thhé resulted roof objects from our
methodology differ from the reference polygonstHat there can be more than one
reference building in one extracted roof with candize impacts on comparative
area (see Figure 12). Furthermore, the referentggpas are formed by straight
lines and they delineate the entire buildings. Whsy our method detects only part
of the roofs that match the extraction criteria ethis established ieCognition
software (see Table 5, 6 and 7) with not very simedtand orthogonal borders.
Thus, only the number of correctly detected buidinthe total roof area and the
intersected area between extracted and refereniggops are considered for the
accuracy assessment.

Extraction accuracy is computed on three differstotdy wards, 550 references
polygons each. Referring to Equation 3 and 4, thmber of correctly classified
buildings and also the total roof area extracted thg developed method is
calculated. Considering the 25% coverage thresHd@4 buildings are extracted
out of 1650 reference buildings in the study aredsch correspond to 91.1%
accuracy in extraction rate (see Equation 3).

The methodology developed in this research evesdudt satisfactory results;
considering all the constraints. Across all threrlyg sample sites, the total roof area
coverage (see Equation 4) extracted fre@ognition software is estimated at
136720 M and from reference data 183195. mhis amount shows that 25.7% of
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the reference polygons are not covered by the &etlaroofs. This last result must
be interpreted with caution, since it could expréngsfact that the missing parts of
the buildings are not extracted because they arered by trees or by different roof
materials even in one dwelling unit. Nevertheleghjs error could be
counterbalanced by the merged adjacent objectsclite or bright bare ground
(Durieuxet al, 2008). Owing to the fact that each study aresitssspecific physical
characteristics, they must be studied separatelyhodgh it is predicted to have
close results for Manzese and Tandale which aredsvse slum neighbours with
similar physical characteristics. THBER and RAC for each sample study site are
explained in more details in Table 8.

Table 8- Theresulted extraction rate and roof area coverage for the study areas

Ward BCE? BER EBA/RPA (m2) RAC
Charambe 534 97.1% 53852 /65518 82.2%
Manzese 496 90.2% 43025 / 59332 72.5%
Tandale 474 86.2% 39843 /58345 68.3%
Average 91.1% 74.3%

1- TheBCEis calculated based on the 25% coverage threshold.

In Tandale study area, a total of 474 roofs (82.6%&) correctly extracted that is
highly comparable with the results of Manzese wi#i6 (90.2%) roofs detected. In
addition, the RAC represents 68.3% and 72.5% for Tandale and Manzese
respectively. The contribution &ACin the total roof area of these two dense slum
wards is not very high. This could be as a redulligcrepancies in dense slum areas
that different buildings with variety of roof maigls are available. However, the 4.2
% difference in th&RACfor these two neighbour wards can only be expthimethe
difference in the parameters used for the imagemsatation process. In
Comparison with dense slum areas, it is anticip#tat the quality of the results in
Charambe that is composed of individual housing@sneould be better (refer to
Table 8). In Charambe test site, 97.1% of the esfee buildings are identified and
extracted correctly which is the highest rate betwall the study areas. Besides, the
RACwith 82.2% indicates that the total area of theaeted roofs is the closest one
to the reference data. The frequency of the peagenof intersected area between
reference polygons and extracted results for tistedy areas are illustrated as a
graph in Figure 13.
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Figure 12- Examples of extracted and reference polygons, showing the positional error
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Visual interpretation of the results has shown thaty big or relatively small
buildings do not yield reasonable coverage ratethbyapplied methodology. The
coverage rate, especially for the big buildings hase influence on the overall
accuracy, consequently on the forthcomirgP estimation. Hence, In order to see
whether the results of thRAC change with the size of the reference buildings, a
correlation analysis is done for each study sidt ean be seen in Figure 14.

The correlation analysis shows that increase oredse in the actual roof area of the
buildings has no effect on tHRAC This theory is corroborated by the correlation
value which is very low for all the three studyesit The correlation value of 0.1 for
Charambe, 0.03 for Manzese and 0.001 for Tandangy confirms that there is
no relation between the actual size of the builglingd the resulted roof area from
the object-oriented approach.

Figure 13- Frequency of the percentage of inter sected area between reference and extracted

polygons
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Reviewing the evidences demonstrate that mostefsthm buildings are detected
and extracted satisfying. Problems mainly occumétin slum areas where even a
visual inspection of the VHR images could not léagleasing detection of houses.

Figure 14- Correlation analysis of RAC and referencer oofs areas
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Implementing the coverage threshold (25%) in theleha@auses the ignorance of
Type | error (existence of the building in realityt not detected by the method) and
Type Il error (no building on the ground but de¢ecby the applied method). In
order to modify the accuracy assessment of the ertvhction process and obtain a
more realistic approximation, overall accuracy,dqueer accuracy that corresponds
to the error of omission (i.e., Type Il error) ameker accuracy that corresponds to the
error of commission (i.e., Type | error) are caddaltl by using the confusion matrix
(see Appendix 7 for the calculations). The resatesreported in Table 9. Moreover,
the Kappa statistic is computed from the error ivasr  While the overall accuracy
assesses the quality of the map and the numbeardatly classified objects, Kappa
statistic evaluates the quality of the method usegoroduce the map (Congalton and
Green, 1999).

The average of overall accuracy for the buildingssl in the study sites is
satisfactory at 93% (Table 9). The user accuracgnged from 79% (Manzese) to
83% (Charambe) and the producer accuracy is rafiged 90% (Tandale) to 98%
(Charambe).

Table 9- Accuracy assessment of the roof extraction processfor the study areas

Ward Overall Accuracy User Accuracy Producer Accuracy Kappa
Charambe 94% 83% 98% 0.85
Manzese 93% 79% 96% 0.81
Tandale 92% 82% 90% 0.80
Average 93% 81% 95% 0.82

The average Kappa value of 0.82 indicates thabHbject-oriented method used for
the extraction of the roofs produced quite goodultes The Kappa values
representing 0.85, 0.81 and 0.80 for Charambe, Benand Tandale, respectively.
The reported results dRAC (refer to Table 8) are based on the ignorance of
omission and commission errors. However, the usedracy (building class) at
83% for Charambe and 79% for Manzese are very diogbat of RAC (refer to
Table 8) for these two wards. For Tandale wardointrast, there is a big difference
in the user accuracy amRIAC representing 82% and 68.3%, respectively. Although
the results vary by considering and ignoring théo2foverage rate, trRER which
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is an indication of extraction accuracy cannot dlewated by ignoring the coverage
threshold.

3.2. Results of Slum Population Estimation

There are two main purposes that are going to bs&upd in this section: to evaluate
how close to reality the totdEBA derived from the object-oriented method can
estimate the number of slum inhabitants and to dmdwhat is the relation between
roof area and slum population.

By using the provided dataset about the numbercafijpants in the squatters of Dar-
Es-Salaam (see section 2.2) and also the totalareaf of each sample study site, the
calculation of occupancy rate is feasible. The t&ApP (Roof Area per Persgn
which is used in the mathematical formula is anivajant term of the occupancy
rate. The population estimation results for eaciustsite and all the fundamental
components are summarised in Table 10.

Table 10- Total estimated slum population for each test area

RPA RApP EBA Percentage of
Ward TRP TEP
ar (m?) (occupancy rate)|  (m? TRP
Charambe | 65518 | 3189 20.54 53852 | 2622 82.2%
Manzese 59332 | 5813 10.20 43025 | 4218 72.5%
Tandale 58345 | 5614 10.39 39843 | 3834 68.3%
Average 74.3%

The occupancy rates for these three wards are shothiat there is more living
space in Charambe by 20.54,im Manzese by 10.2 mand in Tandale by 10.39°m
for each individual. As it can be seen from Takle the occupancy rate drastically
declined from 20 fto 10 nf, approximately. However, this difference is
understandable since the number of inhabitantseiitver Manzese or Tandale is
double that of Charambe.

The overall TEP calculated for the three test sites shows thaB%4of the
population is estimated by t®A model. Nevertheless, the estimation of population
varies in different wards representing 82.2%, 72.8861 68.3% for Charambe,
Manzese and Tandale, respectively. Statisticalig,hodel performance is assessed
using theRelative Error(RE) function (see Equation 7). TIRE results ranged from
-17.8% for charambe, -27.5% for Manzese and -31f@d®a andale. The negative
values indicate that the population for all theethistudy sites are under-estimated
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and below the reference population data. Sincetit@ of estimation for individual
study areas may be positive or negative, an avertie absolute values of relative
error MRE) would be an indicator of overall accuracy whisfcalculated and stated
in Table 11.

Table 11- Relative Errorand Mean Relative Errorof population estimation for each study site

Ward TRP TEP RE
Charambe 3189 2622 -17.8%
Manzese 5813 4218 -27.5%
Tandale 5614 3834 -31.7%
MRE 25.7%

The derivedMRE value determines that the estimation of populatiogeneral, is
25.7% less than the real number of slum inhabitaR&ferring to Table 10, the
overall TEP (74.3%) conforms to th®MRE value (25.7%). Both values can be used
to describe the overall accuracy and the erroth(i; case under-estimation) of the
slum population based on tR& model.

In order to avoid the effect of ignoring Type | ahgpe Il errors in the estimation of
slum population, the number of slum inhabitants approximated without
considering the coverage threshold (refer to se@i8.1). The results are showed in
Table 12.

Table 12- Total estimated slum population without considering the cover age threshold

Ward I(?rrl?;)A TRP (occuiﬁrp:fy rate) e G TEP Pefcir:;ge °
Charambe | 65518 | 3189 2054 65285 3178 99.6%
Manzese 59332 5813 10.20 54645 5357 92.1%
Tandale 58345 | 5614 10.39 48723 4689 83.5%
Average 91.7%

1- CIC stands for‘Correctly and InCorrectly” extracted roof areas by the applied methodolodys T
number is used in the confusion matrix for the wialton of user accuracy.
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Even with the calculation of the incorrectly extext roof areas in the model, the
population is not over-estimated. From the totgbylation (14616 inhabitants) in
the study areas, 91.7% are estimated byRenodel to be living in the region. The
ignorance and consideration of coverage thresisotdsulted in 17.4% difference in
the average percentageT®Preported in Table 10 and Table 12.

The RE s calculated for Charambe at -0.4%, for Manzés&.8% and for Tandale
at -16.5%. Since the error of estimation for indidl study areas may be positive or
negative, an average of the absolute values ofivelarror is calculated (refer to
section 2.8.1). ThMRE value (8.3%) shows that the estimation of slumutetjon

in the study areas is quite close to the real nurobdwellers.

3.2.1 Regression analysis

The relation between two variables roof area anthgdopulation is assessed based
on the regression analysis. Figure 15 shows tladioal between the two mentioned
variables and the Rvalue, separately for each study area. The painBgure 15
show that with increase of the roof area, the pajpr also increases indicating a
positive relation of roof area and number of inkeafis. In spite of the fact that the
R? value is very low for each study site, linearityrelation of these two variables
must be tested statistically (see Table 13).

A regression test is run on the slope coefficidrthe regression line to see whether
the relation between roof area and population dedst, even with very low
regression values. Thaeull hypothesisnow is that the slope coefficient for the
regression lines is equal to zero at the confiddecel of 95% ¢=0.05). The null
hypothesis then will be rejected if tievalueis less tharm=0.05. Table 13 shows
that all the slope coefficients for the three regien lines are highly significant with
a P-value less thano=0.05. This indicates that all theull hypothesegno linear
relation between the variables) are rejected.

Table 13- Regression analysisfor testing thelinearity in relation between roof area and population

Confidence level

Ward R? Slope coefficient P-value @ Test H
a

Charambe 0.065 0.017 2.00533E-08 0.05 Rejected

Manzese 0.084 0.028 2.22891E-09 0.05 Rejected

Tandale 0.081 0.036 1.81607E-1 0.05 Rejected
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Figure 15- Relation between roof area and dum population for the three study sites
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4, Conclusions & Recommendations

An overall review of the results and further thesgible applicability of the
implemented method for future studies are statedémecommendation part.

4.1. Conclusions

This work has explored an object-oriented methodaiant the slum buildings from
which the number of inhabitants can be estimatde. rEsults presented in this study
proved to be satisfactory both for the roof eximctand estimation of slum
population. Simplicity is an advantage of the metilogy outlined in this study.
The proposed approach is simple, effective andbeaapplied by researchers and
non-professional users. The objectives of thisystaiet addressed. Conclusions to
specific research questions are summarised asvillo

Research Question 1

The comparison of the above (refer to section R4)lts have revealed that the roof
extraction quality in low density slum areas diffdrom that of high density slum
areas (rejection of theull hypothesis It can be concluded that the rule-set used in
eCognition for the extraction of buildings in one ndais not adaptable to the
investigation of other study areas.

Research Question 2

A conclusion can be made that tRApP (occupancy rate) changes with respect to
its location (refer to Table 10). Considering tiggi@ size of the study area for all of
them, the ratio showed that there is more livingcgpin Charambe compared to
Manzese and Tandale (rejection of thdl hypothesis However, the difference in
the amount of living space is understandable stheenumber of inhabitants for
either Manzese or Tandale is double that of Chaeamb

Research Question 3

In Figure 15 roof area was plotted against the fatjmn. Although very slightly, the
graphs showed that with the increase of the sizthefroof area, the number of
inhabitants increases. Thus, in general it can wansarised that in slum areas
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population increases proportionally with the inseaf roof area of buildings which
rejects thenull hypothesis

4.2.

Recommendations

Finding a well suitable method for the building raxtion process is highly
depending on the user-defined scale parametergeshiag colour criteria.
Therefore, it would be worthwhile to examine thdeef of assigning
different factors on the classification accuracgutes; and

Future works should investigate the incorporatibmaltispectral satellite
images (at least with the inclusion of NIR band}l amcillary data (e.g.
DSM) in object-based methods to support the ideatibn and extraction
of slum buildings.
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6. Appendices

Appendix 1:

Map of city clusters based on 6 shelter indicasosirce: Martineet al, (2008))

Most representative shelter indicator GROUPS OF CITIES WITH SIMILAR SHELTER CHARACTERISTICS, 2003

values (the cluster centres) in each group
Shelter Indicator % of households N
Goupsofcites [l M Groups of cities with similar characteristics, 2003 Note:
Derabld iucianes A% S61 -&5.D | Bestoff =9 Worstoft This analysis classified cities into groups with
- AARSEiLZN minimum differences between the cities in
Access to safe water 97 90 87 83 Most representative @ [} L]
wi i = 05 o ‘ . . . nchyol::rﬂmxlmumdmleneu
Connection to water 89 40 47 32 between the gioups.
DL e s epes e 3 Cluster Method: K-Mears, painwise solition.

D Tanzania
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Appendix 2:

Slum prevalence in Africa (source: UN-Habitat, (20

Slum proportion |2005)

Na llata
M o-75%
. 5.0 -50%
M s0.-75%
| I ARRIEY
Data source:

RHABITAT Gt Urhan
Daeraatory, 2008,
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Appendix 3:

Image Object Hierarchy

Entire Image

Super-Object

Neighbour ]—[ Image Object ]—[ Neighbour

e
AN

Pixel Level

\4

Image objects within an image object level areduhkorizontally. Similarly, image
objects are linked vertically in the image objemrarchy. The image objects are
networked in a manner that each image object knitsvcontext, that are its
neighbours, its super-object on a higher imageabgvel and its sub-objects on a
lower image object level (Definiens, 2007c).
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Appendix 4:

Membership function created N classifier

0.9

Membership Value

0.8

0.74

Assigned Membership

0.5

0.4

0.34

0.2
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Sample

Value

"lmage Object

T

T T
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.
~ T T T T 1

T
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Feature space distance of image object Feature 1

to be classified to sample

The Nearest Neighbour classifier returns a memijerstiue between 0 and 1 based
on the image object's feature space distance tonéarest neighbour. The
membership value is 1 if the image object is id=itio a sample. If the image
object differs from the sample, the feature spastadce has a fuzzy dependency on
the feature space distance to the nearest sampée abdfiss. You can select the

features to be considered for the feature spactniBes, 2007c).
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Appendix 5:

(txs,)
Sampling error =——>=x100%
X

Wheret is the tabular data of thedistribution, ;(is the sample mean ar&)i( is the
standard error of the mean which can be calculkasedllow:
S =—

*n
Where S is the standard deviation of the sample and n ésshmple size. The
required sample size can be computed by the belowdla:

t?2 x CV%?
Nreqg = 2
AE%

Where N, is the required sample sizé\E is the “Allowable Error” of the

sampling that is defined by the user &M is the“Coefficient of Variation” which
is defined as:

CV ==x100

< Il »n

Defining the required or adequate sample sizedbas not exceed theE could be
achieved through an iterative process (source: e ,32003); Thompson, (2002)).
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Appendix 6:

The extracted roof polygons compared to the refargmolygons:

a) Charambe study area
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b) Manzese study area:
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¢) Tandale study area:

. ¥
L] %ﬁ’iﬂ-
wd ~ g - w d
. L LA "
[ ] o ad r ¢ n "’lﬁ - Fow B
- ‘. ' -‘H,El a
g T oo N o wl ; 1 n i &
L o LI 7 @
n . -4
n = . 3 ]
® L rAQ | HIE Q
£y 0
gﬁh_ - . S 0 ol Fox L@ o
" =t o N
El. ii gui‘ ¥ o - .@, 0‘-“ o B @ .
g= % g *om o ®
X " - ﬁ# 0 Q - fal 'H‘El 5! - ‘
- e #m al
] L - . :;(;_00,' ¥ E., @ "
P = ‘{&.m\ 5 .y -
" ® = = AP » ®
= il * - 3
3 o n N = “ - " @
. s a!!-lil e y = W LY E:§ ;@ W
. P @ L B -~ o® lm ¢ = g
- ® B :Qnu’g,g LA LT N
e o e wtd . N wi
u o wsd sine '
% " A Tewl !ﬂght;,.%q? “ L
' fe 3" . y 4 - 5 e
- gmmqgevfa%w s £ " =gl % 0‘
¥ o L] =1 s s x m YV R &

Extracted Roof Areas

D 1-24% D 50-74% D Not Detected Buildings
D 25-49% ' 75-100% D Reference Roof Polygons

58



Appendix 7:

Confusion Matrix for Charambe

Charambe Reference Data
Building No Building Row Total User Acc %
§ Building 53852 11433 65285 83 %
;g No Building 1104 138828 139932
é” Column Total 54956 150261 205217
Producer Acc % 98%
Overall Accuracy: 94%, Kappa: 0.85
Confusion Matrix for Manzese
Manzese Reference Data
Building No Building Row Total User Acc %
§ Building 43025 11620 54645 79 %
g No Building 1785 126268 128053
%8; Column Total 44810 137888 182698
Producer Acc % 96%
Overall Accuracy: 93%, Kappa: 0.81
Confusion Matrix for Tandale
Tandale Reference Data
Building No Building Row Total User Acc %
§ Building 39843 8880 48723 82%
;g No Building 4614 121778 126392
(g Column Total 44457 130658 175115
Producer Acc % 90%

Overall Accuracy: 92%, Kappa: 0.80
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