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Abstract

Removing many of the legacies of Apartheid, a former policy of political and economic discrimination

against non-European groups in South Africa, is a primary concern for the country. Aerial images of

residential areas show the clear legacy of spatial apartheid, with completely segregated neighbourhoods

of townships next to gated wealthy neighbourhoods, a phenomena which has largely remained unaffected

by the ending of apartheid. This research uses computer vision to analyse 698, 544 satellite images of

9 provinces in South Africa, taking the first steps toward examining the evolution of spatial apartheid.

To achieve this goal, we first introduce a new dataset consisting of polygons demarcating land use,

geographically labelled coordinates of all buildings in South Africa, and high resolution satellite imagery

covering the entire country from 2006-2017. Using this dataset, we trained a UNet based semantic

segmentation model to detect and classify clusters of buildings for 12 types of classes: Township, Suburb,

Industrial area, Commercial land, Informal area, Farm, Collective living Quarters, Village, Smallholdings

and Background. We classify these neighbourhoods with an accuracy of 57.45% and a Cohen’s Kappa

value of 0.4326, giving us the potential to investigate areas affected by the Group Areas Act which

enforced spatial apartheid/segregation.

Key words: Spatial Apartheid; South Africa; semantic segmentation; Neighbourhoods Classification;

UNet.



iii

Table of contents

Acknowledgements i

Abstract ii

List of figures vii

List of tables viii

List of abbreviations and/or acronyms ix

1 INTRODUCTION 1

1.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2 BACKGROUND AND RELATED WORKS 4

2.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1.1 Spatial data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1.2 Common computer vision tasks . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.1.3 Semantic segmentation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.2 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2.1 Using proxies to label neighbourhoods . . . . . . . . . . . . . . . . . . . . . . . 10

2.2.2 Commonly used datasets for land cover classification . . . . . . . . . . . . . . . 12

2.2.3 Models for land cover classification . . . . . . . . . . . . . . . . . . . . . . . . . 15

3 A NEIGHBOURHOOD SEGMENTATION DATASET 17

3.1 A Neighbourhood Segmentation Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . 17

3.2 Satellite images . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.3 Enumeration Areas . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

3.4 Geographically referenced (Geo-referenced) buildings dataset . . . . . . . . . . . . . . . 20

3.5 Cadastral Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

4 DATASET CREATION METHODOLOGY 24

4.1 Ground-truth Dataset Creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

4.1.1 The model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24



iv

4.1.2 Performance Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

4.1.3 Data Preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.2 Using solely the EA dataset as Ground-truth . . . . . . . . . . . . . . . . . . . . . . . . 29

4.2.1 Ground-truth data preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.2.2 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4.3 Using the EA dataset + Cadastral dataset as Ground-truth . . . . . . . . . . . . . . . . 32

4.3.1 Ground-truth data preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

4.4 Using the EA dataset and building datasets as Ground-truth . . . . . . . . . . . . . . . 39

4.4.1 Ground-truth data preparation . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.4.2 Segmentation results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.5 Final dataset composition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.5.1 Final dataset size . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

4.5.2 Final dataset train/validation/test split . . . . . . . . . . . . . . . . . . . . . . 44

5 BASELINE RESULTS AND FUTURE WORK 49

5.1 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5.1.1 Technical setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5.1.2 Experiment 1: Baseline model on our final dataset . . . . . . . . . . . . . . . . 49

5.1.3 Experiment 3: Leave one province out test experiment . . . . . . . . . . . . . . 53

5.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

6 CONCLUSION 61

6.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

REFERENCES 69



v

List of Figures

2.2 Illustration of spatial intersection: given two vector data points, polygons in this example.

The output of applying the spatial intersection algorithm will be just the yellow polygon. 5

2.4 Input image on the left and ground truth image in which all the pixels are labelled using

specific colours [Everingham et al., 2010]. . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.5 Typical semantic segmentation architecture[Audebert et al., 2016]. It takes as input

labelled image pixels then follows an encoder-decoder type of model which learns to

classify individual pixels which collectively define objects. . . . . . . . . . . . . . . . . . 8

2.6 The U-net architecture. The encoder is on the left side of the U shape which consists

of the convolutions and pooling layers, the decoder part which consists of the transpose

convolutions is on the right side of the U and the middle arrows going across represent

the skip connections [Ronneberger et al., 2015]. . . . . . . . . . . . . . . . . . . . . . . 9

3.3 Enumeration Areas (EAs) polygons covering the entire Gauteng province which is one

of the 9 provinces in South Africa, each colour depicts a certain neighbourhood class as

labelled in the key on the left. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

4.1 The subset of data chosen for creating the final dataset for training a neighbourhood

classification model. Each block represents one 21688× 21688 pixel satellite image and

there is a total of 19 images in this subset. The blocks in red represent images in the

test set, those in yellow represent images in the validation set and the rest of the data is

in the training set. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.2 Results from training the U-Net model with labels from the EA Dataset. Column 1 shows

the actual images, Column 2 shows the ground-truth data and column 3 shows the model

predictions. Yellow: Township, Light blue: Suburb, Pink: Industrial area, Olive green:

Commercial land, Red: Informal area, Light green: Farm, Light grey: Collective living

quarters, Dark grey: Village, Blue: Smallholdings, White: Background. . . . . . . . . . . 33



vi

4.3 Examples of images from our 12 class dataset created using EA ground truth labels.

The first column shows the input images, the second column depicts the ground truth

labels, and the third column shows our model predictions. Yellow: Township, Light

blue: Suburb, Pink: Industrial area, Olive green: Commercial land, Red: Informal area,

Light Green: Farm, Light grey: Collective living Quarters, Dark Grey: Village, Blue:

Smallholdings, White: Background. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.5 Results from training the U-Net model using labels from the EA Dataset + Cadastral

Dataset. Column 1 shows the actual images, Column 2 shows the ground-truth data

and column 3 shows the model predictions. Yellow: Township, Light blue: Suburb, Pink:

Industrial area, Olive green: Commercial land, Red: Informal area, Light green: Farm,

Light grey: Collective living quarters, Dark grey: Village, Blue: Smallholdings, White:

Background. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

4.6 Converting building point data to polygons using a buffer algorithm so that we can

approximate the space covered by the building. The images illustrated here are at a

resolution of 2.5m per pixel and size of 786 x 386 pixels. . . . . . . . . . . . . . . . . . 40

4.7 Computing the spatial intersection between the land use labels from the EA dataset and

the buffed building polygons so that we can know the neighbourhoods in which these

houses belong. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.8 The process of dissolving overlapping building polygons by neighbourhood. . . . . . . . 41

4.9 A 21688 x 21688 pixels satellite image with the corresponding ground truth mask. . . . 41

4.10 Results from training the U-Net model using labels from the EA and buildings datasets

as Ground-truth. Column 1 shows the images, column 2 shows the ground-truth labels

and column 3 shows the model predictions. Yellow: Township, Light blue: Suburb, Pink:

Industrial area, Olive green: Commercial land, Red: Informal area, Light green: Farm,

Light grey: Collective living quarters, Dark grey: Village, Blue: Smallholdings, White:

Background. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

4.11 Samples from the final dataset which consists of image and mask pairs. Yellow: Town-

ship, Light blue: Suburb, Pink: Industrial area, Olive green: Commercial land, Red:

Informal area, Light Green: Farm, Light grey: Collective living Quarters, Dark Grey:

Village, Blue: Smallholdings, White: Background. . . . . . . . . . . . . . . . . . . . . . 46



vii

4.12 The final dataset for training a neighbourhood classification model. Each block represents

one 21688×21688 pixels satellite image and there is a total of 100 images in this subset.

The blocks in red represent images in the test set, those in yellow represent images in

the validation set and those in green represents the images in the training set. . . . . . . 47

5.1 Confusion matrix of the U-Net model trained on images from the balanced training set. 51

5.2 The suburb neighbourhoods enclosed in the blue boundary show how these neighbour-

hood categories can have varying sub-types. . . . . . . . . . . . . . . . . . . . . . . . . 52

5.3 Some of the common failure cases. Yellow: Township, Light blue: Suburb, Pink: In-

dustrial area, Olive green: Commercial land, Red: Informal area, Light green: Farm,

Light grey: Collective living quarters, Dark grey: Village, Blue: Smallholdings, White:

Background. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

5.4 The confusion matrix from the model trained on sampled images from the 8 Provinces

of South Africa and tested on Mpumalanga province. . . . . . . . . . . . . . . . . . . . 56



viii

List of Tables

3.1 The resolution of satellite images in our dataset and the number of images per year. We

used the 2011 satellite images to compile the ground truth dataset. . . . . . . . . . . . 19

3.2 Table showing the number of Enumeration Areas (EAs) per EA type per Province made

during the 2011 census. In this dataset from Statistics South Africa, the Township class

is a part of the Formal Residential class. These EAs cover the entire country. . . . . . . 21

4.1 Splitting the data to create models before scaling to the entire country. . . . . . . . . . 29

4.2 The number of pixels per class for our data subset with 12 classes labelled using a

combination of the EA data and the building data. . . . . . . . . . . . . . . . . . . . . 29

4.3 Classification accuracy for various ground truth modifications. ”EA” is an abbreviation

for the Enumeration Area dataset consisting of land demarcations according to the type

of use designated by the government. . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

4.4 The number of EAs per collapsed class. The number of Background polygons is at most

1,797 due to the reduction of images consisting of only farm land pixels. . . . . . . . . . 37

4.5 Confusion matrix of the results of the model trained on 12-class labels but evaluated on

the 4-class labels of ground truth labels augmented with Cadastral dataset. . . . . . . . 37

4.6 Confusion matrix of a model trained on collapsed classes and ground truth labels aug-

mented with Cadastral data. Accuracy = 73.8%. . . . . . . . . . . . . . . . . . . . . . 37

4.7 Train, test and validation splits for the final dataset. . . . . . . . . . . . . . . . . . . . . 44

5.1 Classification accuracy after training a model using the final dataset. Unbalanced refers

to the training set as is, while balanced refers to results after balancing the training data. 49

5.2 Confusion matrix of the results of the model trained on the 12-class labels but evaluated

on the 4-class labels. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.3 Table showing the exact number of images used per province and their corresponding

accuracy values while testing on that province and training on the rest of the 8 provinces,

on both the balanced and unbalanced versions of the test set. . . . . . . . . . . . . . . 57



ix

List of abbreviations and/or acronyms

EA Enumeration Area

SANSA South African National Space Agency

Stats SA Statistics South Africa

CSIR Council for Scientific and Industrial Research



1

CHAPTER 1

INTRODUCTION

1.1. INTRODUCTION

Analysing large numbers of time-lapse satellite images presents the opportunity to study cities using

computer vision and create tools that allow governments to examine the effects of their policies. Like

any technology, these tools can either be used to further marginalize those who are already disenfran-

chised [Benjamin, 2019], or enact policies that aim to reverse the effects of laws that have enforced

discrimination. This work takes a step towards the latter goal by starting to analyze the effects of spatial

apartheid in South Africa using satellite imagery taken between 2006 and 2017.

Apartheid is a former South African policy of segregation, and political and economic discrimina-

tion against non-European groups in the country [Worden, 1994]. The Group Areas Act passed in

1950 [Christopher, 2001] forcefully relocated Black, Coloured and Indian people out of urban areas and

into townships where they were allocated uniformly sized small plots of land on the outskirts of cities and

towns. While Apartheid legislation was repealed on June 17 1991, its effects are still alive today [Noble

and Wright, 2013]. For example, Figure 1.1 shows aerial images taken by photographer Johnny Miller,

depicting completely segregated neighbourhoods of townships next to gated wealthy neighbourhoods

that have largely remained unaffected by the end of apartheid [Miller, 2016 accessed January 7, 2020].

Although this effect is immediately obvious to any human looking at these photos, people cannot quickly

analyse large numbers of such images to gain insights.

This research uses computer vision to understand the relationship between the spatial and socioeconomic

makeup of neighbourhoods in South Africa. The goal is to answer the questions: Can we automatically

identify clusters of townships and wealthy neighbourhoods using computer vision? Can we measure the

sizes of these clusters and how they are changing over time? Can we map/label neighbourhoods in

South Africa as they grow/shrink over time, especially townships?

This work takes the first step towards these goals by using semantic segmentation methods to distinguish

between clusters of buildings making up 12 neighbourhood classes in South Africa. These classes are:

Township, Suburb, Industrial area, Commercial land, Informal area, Farm, Collective living Quarters,

Village, Smallholdings and Background in the 9 South African provinces. As seen in Figure 1.1, townships
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(a) (b)

Figure 1.1: Aerial images showing some of the legacy of spatial apartheid in Cape Town, South Africa
depicting completely segregated neighbourhoods of townships next to gated wealthy neighbourhoods
that have largely remained unaffected by the ending of apartheid [Miller, 2016 accessed January 7, 2020].

and suburbs can have distinct visual characteristics: e.g. suburbs are usually more sparsely populated

and green, townships are densely populated but with a grid-like structure, while informal settlements

are densely populated without a consistent structure. These visual differences allow us to train a model

distinguishing between different types of neighbourhoods. Although the majority of works in computer

vision focus on algorithmic development, the most difficult and time-consuming step in projects such as

this is procuring and labelling the necessary datasets for the task. We performed an iterative process that

uses the insights gained from baseline models to understand the shortcomings of the datasets, adding

new elements to the data as necessary. The final dataset consists of geo-referenced satellite images

covering the entire country of South Africa and a corresponding mask of where all the neighbourhoods

are labelled according to their type. This mask was built from a combination of geo-referenced polygons

called Enumerator Areas (EAs) subdividing land-use as specified by the government, and data points of

locations of all buildings in South Africa. To summarize our contributions:

1. We introduce the first spectral dataset for the study of spatial apartheid in South Africa, consisting

of satellite images depicting the entire country from 2006 to 2017 and a corresponding ground

truth dataset depicting the neighbourhoods in the country in 2011. The ground truth was built

from geo-referenced polygons labelled by the type of land-use designated by the South African

government and the location of all 12,515,874 identified building data points in South Africa in

2011.
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2. Using the building dataset and the satellite imagery dataset, we introduce an image dataset with

a ground truth mask locating the developed parts of the land in South Africa between 2006

and 2017, allowing researchers to detect the growth/shrinkage of built-up land in different years

throughout the country.

3. Using our dataset, we train a baseline U-Net semantic segmentation model [Ronneberger et al.,

2015] to perform the first analysis of South African spatial apartheid from satellite images, achiev-

ing 57.45% classification accuracy across 12 classes (Township, Suburb, Industrial area, Commer-

cial land, Informal area, Farm, Collective living Quarters, Village, Smallholdings and Background).

The rest of this dissertation is structured as follows. Chapter 2 discusses background knowledge required

and the related works in the next section, Chapter 3 introduces our visual dataset consisting of multiple

sources (satellite images, land use polygons, and building points). We describe the pipeline used to

create the ground truth dataset in Chapter 4, as well as various challenges unique to this task. Chapter

5 discusses experimental results and future work, and we conclude with Chapter 6.
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CHAPTER 2

BACKGROUND AND RELATED WORKS

2.1. BACKGROUND

This chapter provides relevant background information pertaining to our dissertation. We first describe

the spatial data manipulation techniques used in this work and briefly discuss common computer vision

tasks. We then discuss semantic segmentation techniques in detail (including the architectures we use),

and end the section with a detailed discussion of related work.

2.1.1. Spatial data

This section describes spatial data manipulation techniques that are used throughout this work.

A shapefile is a vector data (points, lines or polygons) storage format used to store geographical

datasets together with other attributes like class type, geometry coordinates, province etc. Given vector

data, the buffer algorithm computes a buffer zone around the features in an input layer, using a fixed

or dynamic distance. The distance is measured in terms of decimal degrees, meters or feet. The

buffer zone is always represented by a polygon. Given point data for example, a buffer zone will be

a square or circular shaped polygon with a radius of the specified distance parameter. This distance

is a hyperparameter which is chosen by the user according to their needs. If a government is trying

to determine where to build a new neighbourhood next to a river, for example, they may create a

buffer zone around the river so they can determine a consistent/fixed distance between the river and the

neighbourhood for safety purposes. An example of a buffer is illustrated using Figure 2.1 where the point

data in Figure 2.1a have been buffed into circular polygons by a fixed distance/radius of 0.0007 decimal

degrees. This radius typically covers a standard South African suburban house together with the yard.

In some cases, buffered zones may overlap with each other as illustrated in Figure 2.1b. Depending

on the end goal, boundaries of buffer zones may be dissolved so that there are no overlapping areas

between adjacent buffer zones as illustrated in Figure 2.1c or they may be left intact instead. Spatial

Intersection is a spatial overlay technique between two or more vector data points where the output layer

is just the overlapping (intersecting) parts between all the input vector data as illustrated in Figure 2.2.

The resulting output attribute table is the union of the input attribute tables joined by geographical
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coordinates. All of these are techniques which are commonly used to manipulate data for Geographic

Information Systems (GIS).

(a) (b) (c)

Figure 2.1: Illustration of buffing point data into circular polygons (figure 2.1a to figure 2.1b) and then
dissolving overlapping buffer zones (figure 2.1c).

Figure 2.2: Illustration of spatial intersection: given two vector data points, polygons in this example.
The output of applying the spatial intersection algorithm will be just the yellow polygon.

2.1.2. Common computer vision tasks

In the past decade, we have seen a drastic improvement in the accuracy of computer vision techniques.

The most basic computer vision task assigns one label to an entire image. This method is referred to as

classification and is illustrated in Figure 2.3a. Classification summarizes the entire image with one label
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like ”Cat“ in this case. On the other hand, tasks such as object localization specify the exact location

of the object in the image, usually with a bounding box as illustrated in Figure 2.3b. When there are

multiple objects in the image view, the task of object detection assigns a corresponding bounding

box to each object of interest in the image. These bounding boxes often capture some background

pixels in these images which could be undesirable depending on the task. In these cases, the semantic

segmentation technique as illustrated in Figure 2.3d could be more suitable. This technique is used in

tasks ranging from land-use classification [Demir et al., 2018] to medical imaging [Ronneberger et al.,

2015]. Instead of using bounding boxes, each pixel in the image is associated with a specific class. If

there are many objects of the same class in a single image, it can be difficult to know the number of

instances of that object in the image view. The task of distinguishing between objects of the same

class as in Figure 2.3e is called instance segmentation. In this work, we use semantic segmentation

techniques to segment South African neighbourhoods.

(a) Classification (b) Localization (c) Object Detection (d) Semantic segmenta-
tion

(e) Instance Segmenta-
tion

Figure 2.3: Images representing various computer vision tasks [Fei-Fei Li, 2017 accessed April 19, 2020].
Figure 2.3d labels for: Yellow pixels- Cat, Green pixels- Grass, Purple pixels- Tree and Blue pixels- Sky.
Figure 2.3e labels for: Red pixels- Dog number 1, Green pixels- Dog number 2, and Blue pixels- Cat
number 1.

2.1.3. Semantic segmentation

Semantic segmentation is a more fine-grained technique for classifying regions of an image in comparison

to bounding boxes which capture objects as well as some part of their background. Instead of classifying

an entire image, the model learns to classify each pixel in the image into specified classes. These models

require as input, images, and as labels ground truth images in which all the pixels are labelled using

specific colours. Each colour represents a certain class as illustrated in Figure 2.4. The model then

learns to classify each pixel in the image, collectively classifying objects in the image. One advantage of

this technique is that it captures irregular object boundaries present in objects like cars, dams, people,
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etc.

Figure 2.4: Input image on the left and ground truth image in which all the pixels are labelled using
specific colours [Everingham et al., 2010].

There are several architectures to perform image segmentation. Early models used techniques such as

Markov chain Monte Carlo [Tu and Zhu, 2002] for finding edges and distinguishing pixels by texture.

Various state-of-the-art models in 2018 [Rota Bulò et al., 2017; Chen et al., 2018] used a Convolutional

Neural Network (CNN) architecture [LeCun et al., 2015] with an encoder-decoder setup where a pre-

trained classification model such as ResNet [Szegedy et al., 2017] is used as an encoder, and a decoder

projects the features learnt by the encoder onto the original/desired pixel resolution as illustrated in

Figure 2.5.

2.1.3.1. Fully Convolutional Networks(FCNs)

Convolutional neural networks (CNNs) consist of two main parts: the first part extracts features from an

input image, and the second part consists of fully connected layers which require the image inputs to have

fixed-sizes. Contrary to CNNs, fully convolutional networks (FCNs) just have convolutional and pooling

layers with no fully connected layers. This allows FCNs to make predictions on input images of any

size [Long et al., 2015]. When FCNs were first introduced by Long et al. [2015], they extended CNNs

by converting the fully connected layers into convolutions. [Long et al., 2015] considered pre-trained

architectures such as GoogLeNet [Szegedy et al., 2015] and VGG nets [Simonyan and Zisserman, 2014].



8

Figure 2.5: Typical semantic segmentation architecture[Audebert et al., 2016]. It takes as input labelled
image pixels then follows an encoder-decoder type of model which learns to classify individual pixels
which collectively define objects.

They removed the final (output) layer, converted all fully connected layers into convolutions and then

appended 11n channels (n = number of classes) of convolution layers to predict scores for each class. In

the decoder part of the model, they upsampled the outputs from the encoder into pixel-dense outputs.

Results from this model are usually low in resolution because of the downsampling and upsampling

procedures. Architectures such as DeepLabv3+ [Chen et al., 2018] try to correct this problem by using

upsampled filters (atrous/dilated convolution) with multiple sampling rates at different fields of view as

part of the encoder and use a decoder to help sharpen results along the edges. This technique allows

the model to capture detailed object boundaries and image context at multiple scales.

2.1.3.2. UNet

One of the most common FCN architectures used to perform semantic segmentation in satellite im-

ages is the U-Net semantic segmentation architecture. This model was originally introduced in 2015

by Ronneberger et al. [2015] to segment biomedical images. A U-Net model follows an encoder-decoder

architecture with skip connections between the encode and the decode layers. The encoder consists

of convolutional and max-pooling layers which are meant to capture the context of the image and the

decoder uses upsampling/transpose convolutional layers to enable precise remapping of pixels back to

the original size of the input image. The skip connections allow the decoder to retrieve information from

prior layers in the encoder rather than solely depending on the low-resolution bottleneck (the output of

the encoder). Figure 2.6 below illustrates this architecture.
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Figure 2.6: The U-net architecture. The encoder is on the left side of the U shape which consists of
the convolutions and pooling layers, the decoder part which consists of the transpose convolutions is on
the right side of the U and the middle arrows going across represent the skip connections [Ronneberger
et al., 2015].

U-Net based architectures have won several semantic segmentation challenges since its introduction in

2015 [Kaggle, 2019; Iglovikov et al., 2017] and its efficiency allows us to train and evaluate models

quickly. This was particularly important while trying to understand the nature of our dataset. As we

discuss in Chapter 4, we constructed our dataset using an iterative process where we first train a model

which allows us to see shortcomings in our data while examining the results on held-out data, then

augment/alter our dataset as necessary, and repeat the process.
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2.2. RELATED WORKS

Although classifying neighbourhoods from aerial images is not a new problem, it is still very challenging

to collect a ground truth dataset to train and validate supervised machine learning techniques for this

purpose. First, labelling each pixel by the neighbourhood it represents makes data sets very expensive

to create. This type of label is needed because of the irregularly shaped boundaries of neighbourhoods

(e.g. a suburb is not bounded by a square shape for example). Another problem is that over time

neighbourhoods change as buildings are built or destroyed, resulting in previous datasets becoming

quickly inaccurate and thus outdated. Although satellite images are becoming cheaper and easier to

access, manual labour to update ground truth labels is expensive and challenging to manage, which

is why researchers usually turn to use other proxies to approximate labels of neighbourhood classes on

satellite/aerial images [Xie et al., 2016; Jean et al., 2016].

2.2.1. Using proxies to label neighbourhoods

Researchers like Blumenstock et al. [2015] have used mobile phone data as a proxy to label neighbour-

hoods according to their poverty rates in Rwanda, and Jean et al. [2016] used survey data from the World

Bank’s Living Standards Measurement Study (LSMS) survey and the Demographic and Health surveys

as a proxy to estimate consumption expenditure and asset wealth per neighbourhood from Nigeria,

Tanzania, Uganda, Malawi, and Rwanda. Given the fact that it is very difficult to obtain mobile phone

data (let alone having it in the same resolution and spatial coverage) for specific regions, [Maluleke

et al., 2018] focused on one province in South Africa and hand-labelled neighbourhoods using their roof

types. They used a household level poverty estimation survey from National Income Dynamic Survey

(NIDS) to predict the level of poverty in informal settlements. However, survey data is expensive to

create and when survey datasets are available, they are not large enough to train deep learning models

from scratch [Jean et al., 2016]. Works such as those by Xie et al. [2016] used night light data overlaid

on daytime satellite images to create pixel-level labels designating wealthy and non-wealthy neighbour-

hoods. Although this experiment had a large ground truth dataset, using satellite night lights as a proxy

for labelling neighbourhoods by wealth does not accurately represent densely populated neighbourhoods

such as informal settlements or even townships in the South African context. Neighbourhoods can have

a high density of light mainly due to housing density while not necessarily representing great wealth.
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In an effort to create a dataset localizing buildings in South Africa, Mudau et al. [2020] uses computer

vision techniques such as texture analysis to distinguish between pixels of built-up and non-built-up

land on satellite imagery. The authors then use methods such as Canny edge detection [Canny, 1986]

and examining the Soil Adjusted Vegetation Index (SAVI) to segment out individual buildings. This

methodology fails to accurately detect buildings in high-density areas (e.g. townships) because it is

difficult to examine soil contents or building edges when buildings are located very close to each other.

As part of our dataset creation pipeline, we instead use the Building dataset [Mudau, 2010] which has

human-labelled localizations of buildings ensuring that we have accurate ground truth data.

Research by Hofmann et al. [2001]; Ikokou and Smit [2019]; Ngcofe et al. [2017]; Hurskainen and

Pellikka [2004]; Ojala et al. [1994]; Guo et al. [2010] use rule-based techniques in conjunction with

handcrafted features such as Local Binary Patterns (LBP) [Guo et al., 2010] to label images for land-

use related object classification tasks. For instance, [Ikokou and Smit, 2019] uses domain knowledge to

determine that any building that is of size 20m x 100m and further than 100m from the main road must

be a commercial building. The authors then use software applications such as eCognition [Karakış et al.,

2006] to create ground truth datasets using this rule-based segmentation system. While handcrafted

features with hand-tuned parameters can potentially be used to create small scale datasets, they are

not feasible for large scale ones [Mboga et al., 2017]. This is because rigid rule-based measurements

such as building dimensions assume that class characteristics are the same from place to place. For

instance, [Ikokou and Smit, 2019] assumes that the size of a commercial building is always 20m x

100m. The advantage of feature learning approaches, and why they are almost unilaterally used in

modern computer vision systems, is that the necessary features to distinguish between different classes

are learned from the training data rather than prior assumptions.

Hence, while works before the advent of AlexNet [Krizhevsky et al., 2017] used handcrafted features such

as LBPs to extract features for land-use related tasks [van den Bergh, 2011; Mdakane and Van den Bergh,

2012; Mdakane, 2014; Ella et al., 2008], the computer vision field as a whole now uses neural network-

based feature extraction methods as they have been shown to be superior in every vision task [Krizhevsky

et al., 2017]. For example, [Mboga et al., 2017] compared a neighbourhood classification pipeline for Dar

es Salaam, Tanzania using LBPs followed by support vector machines (SVMs) [Suykens and Vandewalle,

1999], to using only CNNs (which perform both feature extraction and classification). The CNN based

methodology received the highest accuracy on this task. Since our goal is to label images for the entire
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country of South Africa, we do not rule-based methods that assume the same structure for different

geographical regions. For instance, materials and methods used in KZN for construction in hilly tropical

conditions are different from those used in the Cape Flats [Kemper et al., 2015]. We thus need to use

a methodology which allows us to capture these variations at scale.

2.2.2. Commonly used datasets for land cover classification

Detecting and classifying neighbourhoods in images falls under a broader task called land cover classifi-

cation. Common tasks in this field include segmenting residential areas, roads, water bodies, industrial

land, forests and agricultural lands from satellite/aerial imagery. While there are several freely available

datasets for this task such as DeepGlobe [Demir et al., 2018], UC Merced [Yang and Newsam, 2010a],

ISPRS Vaihingen and Potsdam [for Photogrammetry and Sensing, 2020 accessed February 12, 2020],

Dstl Kaggle [Science and Laboratory, 2017 accessed February 12, 2020], etc., most of these have been

created for the developed world. The Deepglobe dataset was first introduced at the Conference on

Computer Vision and Pattern Recognition (CVPR) in 2018 as a satellite imagery classification chal-

lenge with 3 tracks: Road Extraction, Building Detection and Land cover classification. The land cover

classification dataset consisted of satellite imagery and masks outlining: urban land, agricultural land,

rangeland, forest, water, barren land and unknown. This dataset covered both urban and rural land

sampled from Thailand, Indonesia, and India. Although this dataset was created using images from

countries which might share a lot of visual characteristics with South Africa, it does not differentiate

between the sub-classes of neighbourhoods within the urban land class. The UC Merced dataset, on the

other hand, tries to classify neighbourhoods in terms of: dense residential, medium residential, sparse

residential and just buildings as part of 18 other classes which describe non-buildings in greater detail

(agricultural, beach, chaparral, forest, freeway, golf course, baseball diamond, aeroplane, harbour, inter-

section, mobile home park, overpass, parking lot, river, runway, storage tanks, and tennis court) [Yang

and Newsam, 2010a]. Although these classes are more detailed and more closely resemble the task

at hand, they cover urban areas for cities in the United States of America which might not necessarily

share similar visual characteristics with those in South Africa, e.g. slums in the United States of America

might look different to those in South Africa [Kuffer et al., 2016].

Publicly available datasets denoting land-use in the African continent usually only have 2 classes distin-

guishing between informal settlements and everything else. Furthermore, these are usually small datasets
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typically cover a single city [Mboga et al., 2017; Hurskainen and Pellikka, 2004; Persello and Stein, 2017].

On the other hand, datasets from other developing countries such as India and Indonesia usually only

cover random segments of various cities. And these cities’ neighbourhoods have very different charac-

teristics to those in South Africa. For instance, middle-income residential neighbourhoods and informal

settlements can have high rise buildings. This characteristic makes neighbourhoods associated with

different income levels in other developing countries very different from those in South Africa [Kuffer

et al., 2016; Ansari et al., 2020; Stark, 2018; Panboonyuen et al., 2019].

As mentioned before, datasets available for land use related tasks usually consist of images covering

developed countries such as the US, Germany, the United Kingdom, etc. [Yang and Newsam, 2010a; for

Photogrammetry and Sensing, 2020 accessed February 12, 2020; Science and Laboratory, 2017 accessed

February 12, 2020] with different visual characteristics to those in many African countries including

South Africa. Besides the difference in visual characteristics of neighbourhood types in developed

versus developing countries, another limitation of these datasets is that they do not usually cover large

geographical spaces (such as an entire country) mostly due to cost constraints.

Although there are some relevant datasets covering small sections of South Africa, they are either not

publicly available, are very outdated, do not have labels which would allow us to study neighbour-

hood types at a higher granularity than formal versus informal settlements [Kemper et al., 2015; Ella

et al., 2008; Luus et al., 2013; Mdakane, 2014; Hofmann et al., 2001], or address entirely separate

tasks from ours such as building detection [Chatterjee and Poullis, 2019]. Other datasets, however,

have a lot more categories which further break down informal and formal residential neighbourhoods

into more fine-grained classes such as subsidised housing, high-rise buildings/flats, mining hostels, tra-

ditional settlements, formal townships/suburbs with backyard shacks, and formal townships/suburbs

without backyard shacks. Unfortunately, these datasets only cover small regions such as single cities,

and the methodologies used to create them are too costly and labour intensive to scale to the entire

country [Busgeeth et al., 2008; Ikokou and Smit, 2019; Mdakane and Van den Bergh, 2012].

Thus, it is not surprising that we could not find publicly available datasets that would allow us to

examine the effects of spatial apartheid in South Africa at scale. The goal of this work is to create such

a dataset so that researchers can use machine learning models to classify neighbourhoods based on their

visual characteristics. This could then be used to explore neighbourhood classification on future satellite
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images of South Africa.

In some cases, a specific location may be accompanied by localized neighbourhood type labels for a

particular year but no satellite images for that year (usually in developing countries). In other cases

including ours, there may be an abundance of satellite images across time but labels may only exist for

one of these years. An example of this case is work done by [Kemper et al., 2015] which classifies

satellite images of South Africa captured in 2012 according to land-use, while the ground truth labels

obtained from the South African National Land Cover (NLC) dataset were captured between the years

2000 and 2003. This misalignment between the years when satellite images were taken and land-use

labels were obtained, creates an inaccurate dataset because new buildings might have been constructed or

demolished between 2003 and 2012. This work is also not appropriate for pixel-level image segmentation

tasks because the evaluation dataset consists of vector points instead of image masks. Thus, instead of

performing the pixel-wise evaluation of results, the authors investigate satellite image regions of specific

sizes in their test set and compare the density of buildings predicted by their model to ground truth

labels.

Similarly, works like [Robinson et al., 2019] use a combination of high resolution and low-resolution

images from 2011-2016. The associated labels, however, were obtained from a combination of land

cover maps created as part of the 2011 National Land Cover database [Homer et al., 2015] and the

Chesapeake Bay watershed land cover dataset captured in 2013 and 2014. In this work, they assume

that land cover labels are less likely to change over short periods of time and use the same labels as

ground truth across all of the years. While this method disregards the fact that a region of land can look

very different within a short time span, the authors argue that it helps the model generalize better to

image differences across the years. They go on to use the 2011 National Land Cover database [Homer

et al., 2015] labels together with the 2013-2014 land cover labels from the Chesapeake Bay to train a

machine learning model. This model is then used to infer a land cover map of the entire USA which we

have no way of evaluating.

It cost the Chesapeake Conservancy over 10 months and 1.3 million dollars to create a six-class land

cover dataset covering the Chesapeake Bay watershed. This watershed is approximately 7 times smaller

than the size of South Africa, meaning it will cost a lot more time and money to reproduce this dataset

in South Africa. Other researchers are exploring cheaper methods which use fewer resources to train
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machine learning algorithms for land cover classification. [Jochem et al., 2018] explored using vector

data to create a dataset of Afghanistan neighbourhoods in different provinces. This was done by

using point data of all the buildings in a particular study area as input data and training a machine

learning model to classify these neighbourhoods into two classes: regular neighbourhoods and irregular

neighbourhoods. This work depended largely on point patterns to make classification predictions which

worked relatively well for two classes. We want to distinguish between multiple classes of neighbourhoods

in which some might have similar grid-like patterns but could be visually different (e.g. townships and

suburbs).

2.2.3. Models for land cover classification

It is not only datasets for the task of land cover classification that are challenging to construct. Building

models which can detect irregularly shaped neighbourhood boundaries and consistently differentiate

between them presents many challenges. Some of the earlier methods for image segmentation include

works by Tu and Zhu [2002] where they first hand-craft features: they formulated the problem of

segmentation by defining an image as a set of k disjoint regions. They then extracted features using

computer vision methods like Canny edge detection [Canny, 1986] and colour clustering. They expressed

results from these methods as weighted samples used to encode non-parametric probabilities in various

image proposals. These probabilities were then used to design importance proposal probabilities used

by Markov chains. These feature extraction methods are similar to what convolution and pooling layers

in CNN based architectures do. The only difference is that CNN based architectures do not depend on

handcrafted features (e.g. hand-tuning Canny edge detection parameters as part of the process).

On the task of satellite image-based classification, work by Persello and Stein [2017] shows that using

FCN-based architectures for neighbourhood classification tasks such as slum detection gives better results

than using SVMs or patch-based CNNs. Many of the machine learning models used for remote sensing

tasks were initially created for small scale object detection purposes [Noh et al., 2015; Long et al., 2015;

Chen et al., 2017]. Thus, these models are often relatively good at classifying objects such as cars, chairs,

glasses etc, and are adapted to classify larger-scale remotely sensed objects such as lakes, residential

neighbourhoods or even roads which have different structures and could span entire images [Liu et al.,

2018; Zhou et al., 2018; Zhang et al., 2020]. For remote sensing tasks, architecture/model pipelines

which can incorporate this image scaling factor often have an advantage [Liu et al., 2018]. For instance,
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the winning land cover classification entry in the DeepGlobe 2018 [Demir et al., 2018] challenge uses

a semantic segmentation model based on an FCN architecture [Tian et al., 2018]. The model, named

Dense Fusion Classmate Network (DFCNet), fuses shallow and deep layers to capture global (image-

level) and local (pixel level) information. DFCNet heavily relies on a clear road network dataset which

was used to train its Classmate model. Since many of the townships, villages and informal settlements in

South Africa do not have labelled roads, we used the simpler UNet [Ronneberger et al., 2015] architecture

which only requires images and ground truth labels to train and takes into account the scaling factor.

Our objective is to use satellite images to understand the spatial properties of neighbourhoods in South

Africa. The spatial apartheid act influenced were different groups in South Africa lived. The objective

was to segregate the people living in the country at the time by race so that they can allocate different

budgets to the different groups for things like schools and hospitals per neighbourhood. Non-European

groups were predominantly moved out of urban areas into places like townships where they were allocated

uniformly sized small plots of land on the outskirts of cities and towns. We aim to show that township

neighbourhoods are visually different from suburbs, which are also different from informal settlements

and villages, by using spatial properties together with visual characteristics of these neighbourhoods.

This work requires that 1) we can detect residential areas from satellite images and 2) that we can

label the distinguished residential areas according to their classes i.e. as a township, suburb, etc to

contextualize the spatial properties we see in South Africa for better understanding.

The rest of this dissertation outlines our methodology for creating a ground truth dataset for the task of

neighbourhood classification in South Africa, how we evaluated the quality of the ground truth labels,

and baseline experiments we performed on our dataset using a U-Net based neighbourhood segmentation

model.
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CHAPTER 3

A NEIGHBOURHOOD SEGMENTATION DATASET

3.1. A NEIGHBOURHOOD SEGMENTATION DATASET

(a) (b)

(c) (d)

Figure 3.1: The available 2011 dataset. Figure 3.1a: Satellite images (Suburban area on the left - these
are usually sparsely populated and township area on the right - these are usually densely populated).
Figure 3.1b: EA dataset covering the same area (Yellow: Township, Light blue: Suburb, Pink: Industrial
area, Olive green: Commercial land, Red: Informal area, Light Green: Farm, Light grey: Collective living
Quarters, Dark Grey: Village, Blue: Smallholdings, White: Background.). Figure 3.1c: Geo-referenced
dataset of all the buildings in the image covering the same area. Figure 3.1d: Cadastral dataset of
exact-size polygons representing real-estate ownership.

To use machine learning to analyse the effects of spatial segregation, we had to first create a dataset

that can be used to train a model which can distinguish between the different types of neighbourhoods
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at scale. We created this dataset using satellite images of South Africa captured between 2006-2017

and a combination of several vector datasets that were mostly available for 2011. These vector datasets

allowed the construction of pixel-level labels for the satellite images annotated by the relevant class type

each label represents. One result of the 2011 census survey is a vector dataset which shows how the

South African government divided the entire land and labelled what each piece should be used for: e.g.

farming, industrial activity, parks and recreational land, formal and informal residential areas, etc. This

is the only freely available and most recent vector dataset labelling all the neighbourhoods in South

Africa. The other vector datasets are used to locate the exact position of buildings on these pieces of

land. The rest of this chapter describes the datasets used for the task of neighbourhood classification.

3.2. SATELLITE IMAGES

We obtained satellite images covering the entire country of South Africa from 2006-2017 from the South

African National Space Agency [SANSA, 2019]. The satellite image dataset consists of images taken

from the SPOT satellite sensor, with varying resolutions in different years as depicted in Table 3.1.

Given that our ground truth labels were obtained in 2011, we also use satellite images from 2011 to

assemble our labelled dataset. These images are at a resolution of 10m which means that each pixel

represents 10 meters on the ground, and also use the EPSG:4326 (WGS 84/Latlong) projection. Each

image is 21688 × 21688 pixels and the entire country is covered by a total of 550 images. Table 3.1

shows the number of images per year and the corresponding image resolutions. The top-left image from

Figure 3.1a shows an example from the 2011 satellite image dataset. Figure 3.2 shows examples of

satellite images for each type of neighbourhood.

3.3. ENUMERATION AREAS

To associate each pixel in our dataset of satellite images with the type of neighbourhood it depicts,

we turned to the Enumeration Areas (EAs) dataset created in 2011 by Statistics South Africa (Stats

SA) [SA, 2019] which is a South African government agency responsible for conducting the South African

census. The dataset consists of land demarcations according to their government-specified use cases

(e.g. farms, industrial areas, residential areas, etc.). EAs are geographical units consisting of 100-250

households, used to demarcate locations for which census data is aggregated (similar to census blocks
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Table 3.1: The resolution of satellite images in our dataset and the number of images per year. We
used the 2011 satellite images to compile the ground truth dataset.

Year Resolution
Number
of images

2006 7550 x 7250 625

2007 7550 x 7250 690

2008 21688 x 21688 545

2009 29406 x 29277 545

2010 21688 x 21688 545

2011 21688 x 21688 550

2012 21688 x 21688 531

2013 21688 x 21688 549

2014 35000 x 35000 549

2015 35000 x 35000 548

2016 35000 x 35000 548

2017 35000 x 35000 543

in the US), which are permanent land use demarcations made by the post-Apartheid government [SA,

2019]. The full list of 103, 576 EAs for all of the 9 provinces in South Africa, along with their types

of land use are specified in Table 3.2. Each EA in our dataset is represented by a geo-referenced

polygon in the EPSG:4148 - Hartebeesthoek94 projection which is different from the projection used for

our satellite images–EPSG:4326 (WGS 84/Latlong). For these polygons to be correctly geo-collocated

with our satellite images, we re-projected the polygons to the EPSG:4326 (WGS 84/Latlong) projection

using the QGIS remote sensing software [QGIS Development Team, 2009]. This allows us to overlay

the polygons on our satellite images, and label pixels according to the type of class each corresponding

polygon belongs to.

One shortcoming of the EA dataset is that townships are grouped with suburbs under the label “formal

residential areas”, which does not allow us to distinguish townships from suburbs. However, each EA

is associated with a name. To label the EAs as townships vs not, we looked up a list of South African

townships on Wikipedia and labelled the EAs that appeared in the list as townships. To ensure that

our labels were accurate, we recruited 10 students who lived in various townships around South Africa

to ascertain that our labels matched the location of each township. Figure 3.3 shows EAs covering the

Gauteng province along with their associated land-use labels.
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(a) Cultivated farm land (b) Farm land (c) Vacant land

(d) Small-holding (e) Traditional residential/village (f) Formal residential/suburb

(g) Township (h) Informal settlement

Figure 3.2: Sample images from our satellite image dataset depicting residential building density in
different neighbourhoods. From left-right: Cultivated farm land, Uncultivated farm land, vacant land,
smallholding, village, suburb, township and then informal settlement.

3.4. GEOGRAPHICALLY REFERENCED (GEO-REFERENCED) BUILDINGS DATASET

While the EA dataset allowed us to label each pixel with the type of neighbourhood it was associated

with, the label does not indicate whether or not the land was actually used in the manner indicated by
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Table 3.2: Table showing the number of Enumeration Areas (EAs) per EA type per Province made
during the 2011 census. In this dataset from Statistics South Africa, the Township class is a part of the
Formal Residential class. These EAs cover the entire country.

Province
Formal
residential

Informal
residential

Traditional
residential
/Village

Farm
Parks
and
recreation

Collective
living
quarters

Indus-
trial

Small
holdings

Vacant
Comm-
ercial

Total

Western Cape 8 136 714 0 674 89 198 167 96 493 251 10 818
Eastern
Cape

4 952 608 9 150 578 62 171 106 48 2 678 129 18 482

Northern
Cape

1 456 56 299 788 32 48 49 24 284 24 3 060

Free State 3 957 235 501 654 20 103 156 70 537 58 6 291
KwaZulu-
Natal

6 773 1 011 6 979 687 114 180 287 60 1 236 203 17 530

North West 2 535 228 3 052 481 28 130 116 159 434 76 7 239
Gauteng 15 283 2 055 216 137 41 560 519 600 859 580 20 850
Mpumalanga 2 893 303 3 068 478 97 124 180 84 447 96 7 770
Limpopo 1 755 103 7 664 750 56 123 96 75 850 64 11 536
Total 47 740 5 313 30 929 5 227 539 1 637 1 676 1 216 7 818 1 481 103 576

Figure 3.3: Enumeration Areas (EAs) polygons covering the entire Gauteng province which is one of the
9 provinces in South Africa, each colour depicts a certain neighbourhood class as labelled in the key on
the left.

the government. For example, as shown in Figure 3.4, there may be no visible difference between land

designated as farmland, vacant, or smallholding, if no buildings are indicating how the land was indeed

used. The land in Figure 3.4 is designated for small-holding use but no houses have been built yet. We

need some way of understanding how the land was actually used rather than what it was designated
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for. The Geo-referenced buildings dataset tells us where all the buildings are in South Africa. This

shapefile dataset was created by Eskom (which is a South African electricity public utility company)

in partnership with the Council for Scientific and Industrial Research (CSIR), and consists of building

count data in South Africa from 2006 to 2016 as shown in the bottom left image of Figure 3.1. These

data points use the EPSG:4326 (WGS 84/Latlong) projection which is the same projection used for

our satellite images. Thus, there is no need to perform re-projections to align our data. The dataset

captures geographical coordinates of formal, informal and non-dwelling structures. All the data points

are geo-referenced and have features such as class names (e.g. dwelling, school, airport etc.), province

and municipality describing the building type and location.

(a) Actual frame (b) Ground truth label

Figure 3.4: Example of an image with an associated label of what the land should be used for, while
the land is not yet developed for the intended use. In this case the blue and green denote small-holding
and farm ground-truth labels respectively, the land is designated to be used for the small-holding type
of neighbourhood but is still vacant.

3.5. CADASTRAL DATASET

The Cadastral dataset maps the exact sizes of real estate ownership and spatial information needed

to describe the geographic extent of each property. This dataset was captured in 2018 and consists of

polygons of plots of land throughout the country which are registered with the South African government.

The dataset uses the EPSG:4148 - Hartebeesthoek94 projection which we re-projected to the EPSG:4326

(WGS 84/Latlong) projection to correctly geographically align our datasets. Figure 3.1d shows an
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example from this dataset. Plots of land that are either in informal areas that are not registered or

vacant land are not covered by the Cadastral dataset. This dataset allows us to see which polygons

have buildings along with the exact positions of the buildings. We can then label polygons that are

vacant as background (regardless of their designated land use). Note that unregistered plots that have

buildings appear vacant in the Cadastral dataset but we do not label these as background.
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CHAPTER 4

DATASET CREATION METHODOLOGY

4.1. GROUND-TRUTH DATASET CREATION

The ground-truth datasets we have are not typical ground-truth datasets used in land-cover classifica-

tion tasks like those in Demir et al. [2018]; Yang and Newsam [2010b]. Those datasets have images

(aerial/satellite) accompanied by land cover maps that perfectly cover the phenomena of interest in

the images. It is important that the land cover maps have as little error as possible because seman-

tic segmentation models are trained and evaluated using these maps. In this chapter, we discuss the

methodology we used to construct our ground-truth dataset. The following subsection first discusses

the model we used to iteratively create the ground truth dataset and the performance evaluation metrics

which were used to guide us on what the dataset could be lacking for the task at hand. The rest of the

chapter discusses the iterative process by which we constructed the dataset along with our results.

4.1.1. The model

One of this project’s eventual goals is to be able to classify neighbourhoods precisely and measure the

sizes of these neighbourhoods and shapes over time. This is why using a segmentation model was an

obvious first choice for us - we want to be able to see where these neighbourhoods start and end. South

African neighbourhoods, in particular, are usually divided by a road, which can mean a very wealthy

neighbourhood next to a very poor neighbourhood, as depicted by the image in Figure 1.1. Using a

classification model which labels an entire image with one class, we might miss many of these cases

and not adequately capture these boundaries. In addition to manual inspection during the dataset

construction process, we also used a deep learning model to help evaluate the quality of the data, assist

in the creation of ground truth labels and guide the search for supplementary sources of data.

A U-Net is a convolutional autoencoder with skip connections between layers in the encoder and the

decoder. These skip connections allow the decoder to retrieve information from prior layers in the

encoder rather than solely depend on the low-resolution bottleneck (the output of the encoder). Given

that we are working with satellite images where each pixel represents a large physical area, it is important

for the decoder to reference a larger part of the original image if necessary.
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U-Net based architectures have won several semantic segmentation challenges and performed state-of-

the-art on neighbourhood classification tasks since its introduction in 2015 Kaggle [2019]; Helber et al.

[2019]; Ansari et al. [2020], and its efficiency allows us to train and evaluate models quickly. This was

particularly important while trying to understand the nature of our dataset. As we discuss in the sections

below, we constructed our dataset using an iterative process where we first trained a model which allows

us to see shortcomings in our training data while examining the results using our validation data, then

augment/alter our dataset as necessary, and repeat the process.

To segment neighbourhoods in satellite images, we modified [Ronneberger et al., 2015]’s U-Net semantic

segmentation architecture to accept input data sizes of 80×80, 256×256 and 2711×2711. The 80×80

pipeline took much longer to process with a lower performance, perhaps because the model sees a small

region at a time given the input image size and the resolution of the satellite images (2.5m per pixel).

The 2711× 2711 pixels performed poorly perhaps because of the opposite reason (seeing a region that

is too large). As a result, we used a model with a 256× 256 image input to guide our dataset creation

process.

Our U-Net model was first trained with the following parameters as defined in [Ronneberger et al.,

2015]. It has 23 convolution layers, with the Relu activation function between the layers and the

Softmax activation function on the last layer. The model was trained with the Adam optimizer at a

learning rate of 1e− 4 [Kingma and Ba, 2014], and we applied batch normalization with batch sizes of

28. We used the categorical cross-entropy loss function since there are multiple classes and each pixel

can only belong to exactly one of the classes [Koidl, 2013]. A model with these specifications was used

to guide us in the dataset creation process and as a baseline model for experiments on the final dataset.

4.1.2. Performance Evaluation

To evaluate this model we decided to use the accuracy performance metric, the Cohen’s Kappa metric

and the confusion matrix. The accuracy tells us how many times the model makes a correct prediction

and the confusion matrix gives more details for the predictions the model gets wrong. In cases such as

ours with imbalanced datasets, performance on the less common classes can be much worse than the

more common ones mainly because the model has not seen those instances as often as required for it to

learn their characteristics. In addition to accuracy, we use the Cohen’s Kappa metric [Kv̊alseth, 1989]

which measures how well our classifier performs relative to what is expected by chance (i.e. if labels
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were predicted using a random classifier):

κ =
po − pe
1− pe

= 1− 1− po
1− pe

(4.1)

Let us assume that there are 2 classifiers: our classifier and a random classifier. Po in equation 4.1 is

the empirical probability of agreement between the two classifiers. This is the fraction of data points for

which our classifier and the random classifier both make correct predictions, and both make incorrect

predictions as compared to the ground truth labels. Pe, the expected probability of agreement in

equation 4.1, is estimated by calculating the empirical agreement when both classifiers randomly assign

labels. For N instances, the probability of a random classifier getting the correct labels is 1
N [Landis

and Koch, 1977]. κ is always less or equal to 1. When the empirical agreement probability is equal to

the random agreement probability, then the value of κ should be 0. This would mean that our classifier

is not doing better than a random classifier. For instance, if our classifier obtained an accuracy of 0.5

on a binary classification task with balanced classes, we would expect the Cohen’s Kappa value to be

around 0 because a random classifier would also achieve an accuracy of 0.5. On the other hand, if we

had a binary classification task with an imbalanced dataset consisting of 90% class A and 10% class

B, we could train the classifier to always predict class A, and achieve 90% accuracy on a test set with

the same fraction of data from class A and class B. However, the Cohen’s Kappa value would still be

close to zero. Thus, we believe the Cohen’s Kappa metric to be a better indicator of performance while

working with imbalanced datasets.

4.1.3. Data Preparation

As discussed before, most of the challenges encountered in this project pertained to data. These

challenges ranged from the time and resources required to appropriately label the images in the dataset,

to the computational resources required to process high-resolution images and create masks used for

semantic segmentation. In addition to the steps taken above to alleviate these challenges, we sliced

each satellite image of 21688 × 21688 pixel resolution to sets of size 256 × 256 pixels of images and

corresponding masks for more efficient processing.
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4.1.3.1. Vector data alignment

As mentioned in Chapter 3, our satellite images use the EPSG:4326 projection. Thus, to align all

components of our dataset, we re-project datasets using different projection systems to EPSG:4326.

This is important since accurate building masks can only be obtained if the datasets can be accurately

overlaid. While the building dataset already used the same projection as the satellite images, the EA

and Cadastral datasets had to be re-projected to EPSG:4326 using the QGIS software.

4.1.3.2. Data splits

While constructing and refining the dataset, we iterated on 19; 21688× 21688 pixels of satellite images

from Gauteng, Limpopo, North West, Free State and Mpumalanga provinces (Figure 4.1). This subset

was chosen to help guide us in creating better ground truth labels during the data creation process.

This process involved training and testing a model and then interpreting what kind of data should be

added to the data in order to create a better ground truth dataset in the next iteration.

Splitting the dataset: We have chosen to split the data into a 60 : 20 : 20 training: validation: test

ratio. To achieve this we had to ensure that the same pixel does not appear in more than one set which

also means that we have to divide the images such that the neighbourhood classes are well balanced

according to that ratio. We counted the number of pixels per class per image then separated them

into the different sets by attempting to have the 60 : 20 : 20 ratio for each class. This was done by

performing a grid search for a 60 : 20 : 20 percentage of pixels per class split over our images. Out of

the 19 images of size 21688× 21688 pixels, 11 images are in the training set, 4 images in the validation

set and 4 in the test set.

Although we had planned to perform our experiments only on the Gauteng province, Gauteng has a non-

rectangular shape which means that the satellite images also cover parts of the neighbouring provinces

(Limpopo province, North West province, Free state province and Mpumalanga province) as depicted

in Figure 4.1.

We tile the 19 images of size 21688 × 21688 pixels into 134,064 images of size 256 × 256 for easy

processing (Table 4.1). These splits are only used for experiments in the dataset creation process.

Our final dataset (which we will discuss in later sections) has a total of 550 satellite images of size

21688×21688 pixels which equate to 3880800 satellite images of size 256×256 pixels. Thus the subset
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Figure 4.1: The subset of data chosen for creating the final dataset for training a neighbourhood
classification model. Each block represents one 21688× 21688 pixel satellite image and there is a total
of 19 images in this subset. The blocks in red represent images in the test set, those in yellow represent
images in the validation set and the rest of the data is in the training set.

we use to tune the dataset is only 3.45% of the entire 2011 satellite image dataset covering South

Africa.

The splits in Table 4.1 are also visually illustrated in Figure 4.1. The test set covers the South West of

the dataset while the validation set covers the North East and Southern parts of the dataset sample.

Although we strove to have close to a 60 : 20 : 20 split for all classes, as shown in Table 4.2, it was not

possible to have the perfect split for all classes. In particular, for the “Parks and Recreation” class we

have an 80 : 2 : 18 split which was not our goal. For classes such as the “Background” class, however,

we were able to obtain close to the desired split. Images in each set (train, test and validation) are

unique to that set meaning that images in the test set, for example, do not exist in the training set.

However, part of a city/neighbourhood in one set can exist in the other set if they share a boundary.

We allowed for this neighbourhood overlap in the subset used for the data creation process. But we

ensure that there is no overlap in neighbourhoods in the final dataset.
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Table 4.1: Splitting the data to create models before scaling to the entire country.

Dataset
Number of images

(21688× 21688 pixels)
Number of images
(256× 256 pixels)

Training set 11 77 616

Validation set 4 28 224

Testing set 4 28 224

Total 19 134 064

Table 4.2: The number of pixels per class for our data subset with 12 classes labelled using a combination
of the EA data and the building data.

Number of pixels % of pixels
Class Train set Validation set Test set Train set Validation set Test set

Suburbs 67336557 15043710 35303660 57.22 12.78 30.00

Townships 204255256 24861153 65076127 69.43 8.45 22.12

Informal settlement 102382989 9833663 379950086 68.16 6.55 25.29

Village 85567053 32715623 12871645 65.24 24.94 9.81

Small holdings 12464368 2468759 5692240 60.43 11.97 27.60

Collective living quarters 7434193 1455496 3008361 62.48 12.23 25.28

Industrial land 41957836 7542567 13488518 66.61 11.97 21.41

Commercial land 14384681 1708257 2558774 77.12 9.16 13.72

Parks and recreation 3544161 103664 787369 79.91 2.34 17.75

Farms 75362779 43385159 62256169 41.64 23.97 34.39

Vacant 4575672 1050783 1608610 63.24 14.52 22.23

Background 4467376631 1709519230 1609041305 57.38 21.96 20.67

To quickly iterate on the dataset creation process we used a basic U-Net model like the one in [Ron-

neberger et al., 2015] trained and evaluated on the subset of the dataset described above. That is, we

trained the model on 77616 satellite images of size 256×256 pixels and evaluated it on 28224 256×256

images (Table 4.1). We initially used the EA dataset with the 12 classes of neighbourhoods listed in

Table 3.2 as labels, and report results on our test set in Table 4.3. Our goal is to build a dataset with

ground-truth labels that allow us to train a neighbourhood segmentation model. Working with a smaller

dataset and a basic model helps us iterate quickly on building the necessary dataset. The steps we took

to create this dataset are outlined in the following subsections.

4.2. USING SOLELY THE EA DATASET AS GROUND-TRUTH

Land cover datasets like the Deepglobe dataset [Demir et al., 2018] and UC Merced dataset [Yang and

Newsam, 2010a] require expensive manual labour to create ground-truth data. This limitation often

results in datasets that do not cover large spaces [Yang and Newsam, 2010a], [Science and Laboratory,
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2017 accessed February 12, 2020], [Demir et al., 2018]. We wanted to find a way to label pixels

covering an entire country over multiple years so that we can allow for the evaluation of spatial changes

as accurately as possible with already existing datasets.

4.2.1. Ground-truth data preparation

To prepare the ground-truth data, we used the polygons from the EA dataset described in Chapter

3, starting with all 12 classes: Township, Suburb, Commercial, Farms, Informal settlement, Industrial,

Parks and recreation, Smallholdings, Village, Collective living quarters, Vacant and Other. The polygons

were in shapefile format and therefore geo-referenced which means that we could perfectly overlay them

on top of the geo-referenced satellite images.

At this stage, we used 27,636 polygons (which is a subset of the entire 103,576 EAs covering South

Africa) labelled into different classes. The goal is to create a mask dataset corresponding to the satellite

image dataset where each satellite image has an associated mask image. To do that, we first have

to create blank images of the same size as each corresponding satellite image. We then have to read

each polygon, spatially locate its corresponding group of pixel coordinates on the satellite image and

label the corresponding pixels with the correct colour on the blank image. If one polygon spans two or

more images, this algorithm looks for the pixels corresponding to the polygon on each image it spans

and then labelling the corresponding blank images accordingly. One disadvantage of this process is that

each polygon iterates each and every satellite image in the dataset and this means that we would have

to do this read and write process for all 27,636 polygons until we have labelled all the satellite images

accordingly.

Dissolve polygons: To make this process more efficient, we used the QGIS software to dissolve the

polygons into the 12 class types we have. What this means is that we merge all the 6380 polygons

representing township neighbourhoods in our dataset for example, into one big polygon representing

townships. Merging individual polygons per class helps us reduce the amount of time the CPU spends

reading polygons by a significant amount. This process of merging polygons by a particular attribute is

called dissolving and is illustrated in Figure 4.8 as well as explained previously in Section 2.2.

Create masks: To finally create the masks, we overlaid the dissolved neighbourhood polygons onto

blank images of the same size as the satellite images, and coloured in the corresponding pixels according
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to a specified key set using a combination of the following 3 python-based libraries: GDAL, RasterIO and

Geopandas. The images and corresponding masks are in the lossless PNG format because this format

does not alter image pixel values while compressing them (as opposed to JPEGs for example). Since we

use semantic segmentation models with specific pixel colours as labels, preserving the exact pixel values

for the masks is crucial for our task. By the end of this process, we had ground-truth images like the

one on the top-right position in Figure 3.1 corresponding to the satellite image data from 2011 like the

one on the top-left in Figure 3.1.

4.2.2. Evaluation

We divided the training data into 42 mini-batches and trained the U-Net model for 10 epochs and 100

steps per epoch. The 100 steps per epoch hyper-parameter is used to define how many mini-batches

of samples to use in one epoch. We divided our dataset into mini-batches because our experiments

use large datasets and using mini-batches reduces training time given that each mini-batch can be

processed in parallel on the GPU. Thus, the number of steps per epoch is calculated based on the size

of the dataset and the size of the mini-batches.

Examining the results of this initial model uncovered some shortcomings in the dataset as discussed in the

prior section. While pixels in the dataset were classified with 61% accuracy, this was a misrepresentation

across the majority of the classes. This is due to the high imbalance of farmland pixels in the dataset

resulting in the over-representation of farmland (81% of pixels in the training data). Many classes are

incorrectly classified as farmland, and visual inspection of results, such as those in Figure 4.3 shows

why some classes can be confused for farmland. Farmland that has not been cultivated does look like

vacant land. The Cohen’s Kappa value for this model was 0.0151 which is very low and tells us that

we need to improve either the model or the dataset. Another problem was that since the EA labels

only specify the designated land use; vacant, farm, commercial and industrial lands can be confused for

each other because undeveloped land often looks like vacant land. It is very difficult even for humans

to distinguish farmland from smallholding land in this image on Figure 3.4 for example, and many of

these neighbourhoods have open spaces which look like farmland/vacant land. Using solely the EA data

as labels, there is no way of tracking which land is developed and which is not. The model was also

unable to distinguish between wealthy neighbourhoods with large yet undeveloped yards, a patch of

which could look like a farm (column 2 of Figure 4.3), and farmland. A clear next step from this first
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Table 4.3: Classification accuracy for various ground truth modifications. ”EA” is an abbreviation for
the Enumeration Area dataset consisting of land demarcations according to the type of use designated
by the government.

Dataset Accuracy Cohen’s Kappa
EA data: 12 classes 61% 0.0151

EA Dataset +
Cadastral: 12 Classes

51.13% 0.36146

EA Dataset +
Cadastral: 4 Classes

73.80% 0.5792

EA data +
buildings: 12 classes

92.94% 0.6299

EA data +
buildings:4 classes

96.14% 0.7578

iteration was to create ground truth labels which enable us to distinguish between background pixels and

those representing buildings. Doing this would enable us to learn the visual characteristics of labelled

clusters of buildings without the many false positives seen here.

4.3. USING THE EA DATASET + CADASTRAL DATASET AS GROUND-TRUTH

A neighbourhood with an EA label of township doesn’t necessarily correspond to an associated polygon

representing only houses. Many pixels do not represent buildings within the polygons and they even

dominate the space in images of some neighbourhoods. If we have too many non-building pixels labelled

as township, it is difficult for a segmentation model to learn the visual characteristics distinguishing a

township from a different type of neighbourhood. As discussed above, vacant land designated as a

township can be confused for vacant land designated for many other types of neighbourhoods. Thus

we need to know which locations have been developed for their designated purposes. The cadastral

dataset consists of geo-referenced polygons depicting the exact sizes of government registered real-estate

ownership and spatial information needed to describe the geographic extent as shown in the bottom-left

image of Figure 3.1. This dataset only labels land which is officially registered with the government. A

disadvantage of this is that the dataset does not represent neighbourhoods such as informal settlements

and other non-registered land occupancies (as seen by the open pockets of unlabelled built-up land on the

right side of Figure 3.1d). To overcome this, we used polygons from the EA dataset for neighbourhoods

that are not represented in the cadastral dataset (villages and informal settlements). Note that this

means we do not know whether or not land designated for villages and informal settlements has been
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Figure 4.2: Results from training the U-Net model with labels from the EA Dataset. Column 1 shows
the actual images, Column 2 shows the ground-truth data and column 3 shows the model predictions.
Yellow: Township, Light blue: Suburb, Pink: Industrial area, Olive green: Commercial land, Red:
Informal area, Light green: Farm, Light grey: Collective living quarters, Dark grey: Village, Blue:
Smallholdings, White: Background.

developed.

4.3.1. Ground-truth data preparation

To use the cadastral dataset for our purpose, we still need to know which neighbourhoods the real

estate/house polygons in the dataset belong to. To do this, we computed the spatial intersection of the
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Figure 4.3: Examples of images from our 12 class dataset created using EA ground truth labels. The
first column shows the input images, the second column depicts the ground truth labels, and the third
column shows our model predictions. Yellow: Township, Light blue: Suburb, Pink: Industrial area, Olive
green: Commercial land, Red: Informal area, Light Green: Farm, Light grey: Collective living Quarters,
Dark Grey: Village, Blue: Smallholdings, White: Background.

EA dataset and the Cadastral dataset to obtain the neighbourhood type label from the EA dataset as

illustrated in column 2 of Figure 4.5. For example row 2 of Figure 4.5 shows that the informal settlement

on the right is not represented in the Cadastral dataset (the informal settlement label shown in red comes

from the EA dataset as shown by the lack of precise land demarcations in the masks created using the

cadastral dataset depicted in yellow). Figure 4.4 illustrates what this ground truth dataset looks like.
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(a) Satellite image (b) Corresponding ground truth label

Figure 4.4: Example image from this dataset. Figure 4.4a shows the satellite image and Figure 4.4b
shows the corresponding mask.

4.3.2. Results

We trained this U-Net model for 30 epochs and 100 steps per epoch–these hyper-parameters were found

through a grid search on our validation set. The error and validation accuracy did not change significantly

for values higher than these numbers. Training and evaluating the U-Net model on this dataset, we

obtained an accuracy of 51.13% and a Cohen’s Kappa value of 0.36146. Looking at the confusion

matrix, we saw that most of the confusion was between classes with similar visual characteristics like

farmland and vacant land and it is unlikely that even a human would be able to distinguish between these

classes visually. To alleviate this confusion, we decided to collapse the 12 classes in our data set into 4

visually distinct categories: background, wealthy neighbourhoods, non-wealthy neighbourhoods and non-

residential building clusters. The goal here was to combine classes with similar visual characteristics as

guided by the confusion matrix. The 4 classes are: background (combining vacant, parks and recreational

areas and farms), commercial space/non-residential buildings (commercial areas and industrial areas),

wealthy residential areas (suburbs and smallholdings) and non-wealthy residential areas (townships,

informal settlements and villages). We decided on these classes after investigating the results of the 12

class confusion matrix. In addition to collapsing the classes, we also reduced the number of background

pixels by first removing all the images in which at least 70% of the pixels belong to the background
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class. The value 70% was chosen arbitrarily. Table 4.4 shows the number of images in this new subset.

Training this model on these new classes gave us an accuracy of 73.80% and a Cohen’s Kappa value

of 0.5792. Looking at the confusion matrix on Table 4.6 for the collapsed classes dataset, there was

much less confusion between the classes and the overall accuracy value was more representative of the

individual class accuracy for each of the 4 classes.

We compare our model trained and evaluated on 4 classes with one first trained on 12 classes and then

evaluated on the same 4 by merging the classes after the fact. To collapse these classes, we merged

the values from the corresponding labels in the class confusion matrix which was generated from the

model trained on 12 classes. As stated above, the 4 classes are: background (combining vacant, parks

and recreational areas and farms), commercial space/non-residential buildings (commercial areas and

industrial areas), wealthy residential areas (suburbs and smallholdings) and non-wealthy residential areas

(townships, informal settlements and villages).

Table 4.5 shows the performance of the 12-class model evaluated on 4 classes. The model which was

trained on 4 classes performs much better than the one trained on 12 classes but evaluated on the 4

classes. For instance, the model trained on 4 classes achieves an accuracy of 75.5% on non-wealthy

neighbourhoods, and that trained on 12 classes but evaluated on 4, achieves an accuracy of 54.8%–

classifying a large portion of non-wealthy neighbourhoods as background (40.9% compared to 21.1%

for the 4-class model). Since we kept the number of training examples constant while training each

model, one reason for this difference in performance could be that the 4-class model had more training

examples per class as compared to the 12-class model.

Table 4.3 shows that the 12 class neighbourhood segmentation is a difficult task. While an accuracy of

61% is achieved in our first attempt of creating ground truth labels, the Cohen’s Kappa value is very

low. The over-representation of farmland pixels in the dataset allowed more of them to be correctly

predicted hence the high accuracy, but many other classes were incorrectly classified showing the low

κ value. As the dataset was more balanced, we see an increased κ value due to the improvement of

classification accuracy across classes, even though the overall accuracy decreased. Collapsing classes in

conjunction with balancing the dataset and creating improved ground truth labels focused on occupied

land results in increased values of both κ and accuracy. As shown in Table 4.6, the model predicts more

classes accurately.
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Table 4.4: The number of EAs per collapsed class. The number of Background polygons is at most
1,797 due to the reduction of images consisting of only farm land pixels.

Attribute
Number of
EAs per class

Number of
pixels/class

Number
of images
per class in
test set

Background 1 797 34 533 815 527

Non-Residential
Neighbourhoods

1334 3 652 323 56

Wealthy Residential
Neighbourhoods

12 754 10 324 170 158

Non-Wealthy
Residential
Neighbourhoods

11 690 17 025 692 260

Table 4.5: Confusion matrix of the results of the model trained on 12-class labels but evaluated on the
4-class labels of ground truth labels augmented with Cadastral dataset.

Non-Residential
Neighbourhoods

Wealthy
Neighbourhoods

Background
Non-Wealthy

Neighbourhoods
Non-Residential
Neighbourhoods

0.5 0.193 0.196 0.113

Wealthy
Neighbourhoods

0.1008 0.584 0.2857 0.022

Background 0.0019 0.06275 0.758 0.1888
Non-Wealthy

Neighbourhoods
0.006 0.0229 0.409 0.548

Table 4.6: Confusion matrix of a model trained on collapsed classes and ground truth labels augmented
with Cadastral data. Accuracy = 73.8%.

Non-Residential
Neighbourhoods

Wealthy
Neighbourhoods

Background
Non-Wealthy
Neighbourhoods

Non-Residential
Neighbourhoods

0.4478 0.0993 0.2955 0.1575

Wealthy
Neighbourhoods

0.031 0.6575 0.0363 0.0363

Background 0.0162 0.0655 0.7842 0.1342
Non-Wealthy
Neighbourhoods

0.0067 0.0269 0.2111 0.7553
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Figure 4.5: Results from training the U-Net model using labels from the EA Dataset + Cadastral
Dataset. Column 1 shows the actual images, Column 2 shows the ground-truth data and column 3
shows the model predictions. Yellow: Township, Light blue: Suburb, Pink: Industrial area, Olive green:
Commercial land, Red: Informal area, Light green: Farm, Light grey: Collective living quarters, Dark
grey: Village, Blue: Smallholdings, White: Background.
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4.4. USING THE EA DATASET AND BUILDING DATASETS AS GROUND-TRUTH

The cadastral dataset together with the EA dataset covers the exact sizes of buildings and yards and

defines the neighbourhoods they belong to. This dataset also distinguishes between neighbourhoods

that have actually been used for their designated purposes versus those that have not. However, the

cadastral dataset was captured in 2018 and the EA dataset in 2011. To train a segmentation model using

satellite images from 2011, we would have to use labels from 2018 although there may be significant

differences in real estate between 2011 and 2018. Thus we needed yet another way of creating ground

truth labels that give us information regarding real estate in 2011. Our final dataset uses the geo-

referenced buildings dataset described in chapter 3 rather than the cadastral dataset. As a reminder,

this dataset consists of building locations in South Africa from 2006 to 2016, capturing formal, informal

and non-dwelling structures.

4.4.1. Ground-truth data preparation

To use the building dataset for our neighbourhood classification task, we followed the procedure below

to create masks that can be overlaid on top of our satellite imagery, assigning each pixel to the desired

class.

Buffing points into polygons: The first step was to use the buffer algorithm in Section 2.2 to transform

each point (a single latitude and longitude coordinate pair) into a circular polygon of a specific radius.

In our case, we inflated the points by a distance of 0.0007 decimal degrees. We arrived at this number

through a trial and error search, looking for polygons which covered an average suburban house together

with its yard (Figure 4.6). Buffing allows large swaths of vacant land to be labelled as background.

Each circle can either be too big in informal areas where there are small compounds or too small for

the building as in the case of the industrial neighbourhood class. A polygon that is slightly too large

for the compound will still allow our neighbourhoods to be appropriately labelled as in row 2, column

2 of Figure 4.11. But a circle around a larger compound, e.g. in smallholdings or industrial areas, only

usually covers the building as shown in row 1, column 2 of Figure 4.11. We assume that a semantic

segmentation model such as U-Net that has access to images at different scales should be able to learn
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visual characteristics distinguishing these classes given enough examples.

Spatial Intersection: To label which neighbourhood each building belongs to, we computed the spatial

intersection of the EA dataset and buffed building dataset as demonstrated in Figure 4.7, joining the

datasets at points where they overlap.

Figure 4.6: Converting building point data to polygons using a buffer algorithm so that we can approx-
imate the space covered by the building. The images illustrated here are at a resolution of 2.5m per
pixel and size of 786 x 386 pixels.

Figure 4.7: Computing the spatial intersection between the land use labels from the EA dataset and the
buffed building polygons so that we can know the neighbourhoods in which these houses belong.

Dissolve polygons by neighbourhood types: Before the dissolving step, the building polygons con-
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sisted of over 10 million data points each saved in shapefiles, resulting in computationally expensive read

and write operations to convert them to image masks. This step reduces the over 10 million polygons

significantly by grouping those that belong to the same neighbourhood together.

Create masks: We overlaid a combination of the EA and building datasets on top of the satellite

imagery to create labels designating each pixel as one of the 12 classes or background if no building was

built on the land (Figure 4.9).

Figure 4.8: The process of dissolving overlapping building polygons by neighbourhood.

Figure 4.9: A 21688 x 21688 pixels satellite image with the corresponding ground truth mask.
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4.4.2. Segmentation results

Figure 4.10: Results from training the U-Net model using labels from the EA and buildings datasets
as Ground-truth. Column 1 shows the images, column 2 shows the ground-truth labels and column 3
shows the model predictions. Yellow: Township, Light blue: Suburb, Pink: Industrial area, Olive green:
Commercial land, Red: Informal area, Light green: Farm, Light grey: Collective living quarters, Dark
grey: Village, Blue: Smallholdings, White: Background.

We trained a U-Net model for 30 epochs and 100 steps per epoch on this dataset as before. Training

a U-Net model on this dataset achieves an accuracy of 92.92% and a Cohen’s Kappa value of 0.6299
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on the 12 classes, a significant improvement from the previous values of 0.0151 and 0.36146 on the 12

class classification tasks (results summarized in Table 4.3).

Since the building polygon dataset was created using building data points, labels on farmland, for

example, depict the buildings on farms and not the farm itself. Because of that, the farm will be labelled

as background and the buildings on the farm will be labelled as farmland. The same is true for classes

representing vacant land and parks and recreational areas as depicted in the bottom right image pair of

Figure 4.11.

Since the building masks are now represented with circular polygons, the model has also learnt to mimic

this by identifying pixels representing buildings and undeveloped land around them which fall within

the circles’ radius as illustrated by row 1 of Figure 4.11. This model better distinguishes undeveloped

land from houses, and the high Cohen’s Kappa value of 0.6299 indicates that the model performs much

better than random chance predictions.

4.5. FINAL DATASET COMPOSITION

We have now created a dataset of ground truth labels which we have used to build a neighbourhood

segmentation model as illustrated in Figure 4.11. It consists of 12 classes representing neighbourhood

types such as townships, suburbs, informal settlements and villages spanning the entire country. The

objective is to be able to distinguish neighbourhoods in South Africa using their visual characteristics,

which would allow us to eventually study how they evolve over time. Do some townships look like suburbs

over time? Do their sizes shrink or expand? While we have images from 2006-2017, we only have labels

for images in 2011. Thus, a neighbourhood segmentation model can be trained and evaluated on data

from 2011, and this model can then be applied to our images in other years. The results cannot be

accurately evaluated for other years since we do not have neighbourhood labels for years other than

2011. We can however visually inspect the predicted changes and see what we find.

4.5.1. Final dataset size

There are 550 satellite images covering the entire country, however, most of these images are of

farmland/non-built up land which is why we sampled our final dataset from regions with more resi-

dential neighbourhoods. In total, the final dataset consists of 100 images of size 21688× 21688 pixels
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from the year 2011. As illustrated in Table 5.1 this equates to approximately 700000 images of size

256× 256.

4.5.2. Final dataset train/validation/test split

The training data consists of provinces in northern South Africa (which includes all the images we used

to create the dataset), and the KwaZulu-Natal province located on the eastern coast of South Africa.

This is 60 images of size 21688 × 21688 pixels from the following 6 provinces: Gauteng, North West,

Limpopo, Free State, Mpumalanga and Kwa-Zulu Natal. The test set consists of 20 images of size

21688× 21688 pixels from both the Western Cape and Northern Cape provinces. Finally, our validation

set consists of 20 images of size 21688× 21688 pixels from the Eastern Cape province.

Table 4.7: Train, test and validation splits for the final dataset.

Dataset
Number of images

(21688x21688 pixels)
Number of images
(256x256 pixels)

Training set 60 402,192

Validation set 20 148,176

Testing set 20 148,176

Total 100 698,544

While creating the train/validation/test splits, we ensured that a single neighbourhood did not span

multiple splits. This was done by having each split sampled by province, i.e. the validation set only

spans the Eastern Cape province. We further illustrate this visually in Figure 4.12 where we show exactly

where the samples are on the map.

During the compilation of the training dataset specifically, we picked images which cover different

sceneries in the dataset such as densely/sparsely populated areas, mainland/coastal land and different

ecosystems like forests/grassland. This is because we would like to train a neighbourhood segmentation

model that generalizes across the whole country.

Conclusion

The goal of this work is to study the spatial makeup of neighbourhoods in South Africa using machine

learning. To achieve that, we first need a ground truth dataset which can be used to train a model. From
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the previous chapters, we have learnt that creating such a dataset can be expensive and that the expense

is directly proportional to the size of land. We have explored using readily available vector datasets and

satellite images to create a ground truth dataset which consists of 12 different neighbourhood types.

As described in the previous subsections, we started by converting polygons of land-use as defined

by the government in Stats SA’s EA dataset into ground truth image masks. The problem with this

technique was that undeveloped land was also classified as Suburb for example, and there was no

way to distinguish between developed and undeveloped land as depicted in Figure 4.13b. In the next

iteration, we considered using the cadastral dataset which consists of polygons depicting real estate

ownership as registered officially with the government. The problem with this dataset was that it did

not document unregistered land occupancy, i.e. real estate in informal settlements and villages was not

documented in this dataset. There was also no way to verify whether or not the registered land was

developed. Figure 4.13c shows the same plot as in Figure 4.13a but overlayed with the cadastral data.

The undeveloped land on the left side is captured as part of the ground truth mask which is misleading.

Combining a modified version of the building and EA datasets we created a dataset which captures

clusters of buildings in each neighbourhood. The modified building dataset only captures buildings

across all classes and the EA dataset labels the building clusters into the different neighbourhood types

they belong to. This allows us to more accurately track the location of background pixels (as depicted

in Figure 4.13d) and train machine learning models that focus on the visual characteristics of buildings

and their surrounding areas.
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Figure 4.11: Samples from the final dataset which consists of image and mask pairs. Yellow: Township,
Light blue: Suburb, Pink: Industrial area, Olive green: Commercial land, Red: Informal area, Light
Green: Farm, Light grey: Collective living Quarters, Dark Grey: Village, Blue: Smallholdings, White:
Background.
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Figure 4.12: The final dataset for training a neighbourhood classification model. Each block represents
one 21688 × 21688 pixels satellite image and there is a total of 100 images in this subset. The blocks
in red represent images in the test set, those in yellow represent images in the validation set and those
in green represents the images in the training set.
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(a) (b)

(c) (d)

Figure 4.13: Given the actual image in Figure 4.13a, the aim was to create ground truth data which
captures clusters of buildings defined as a neighbourhood. We iterated from the ground truth images
in Figure 4.13b using just EA data to Figure 4.13c, using a combination of EA data and Cadastral data
and then finally settling on Figure 4.13d using a combination of building data and EA data.
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CHAPTER 5

BASELINE RESULTS AND FUTURE WORK

After following the procedures described in prior chapters, we now have a dataset of labelled satellite

images enabling us to train and evaluate models for South African neighbourhood segmentation. In this

chapter, we describe preliminary experiments on the final dataset, what we have learned from inspecting

the results of these experiments, and future work which we hope to be enabled by our dataset.

5.1. EXPERIMENTS

Table 5.1: Classification accuracy after training a model using the final dataset. Unbalanced refers to
the training set as is, while balanced refers to results after balancing the training data.

Dataset Accuracy Cohen’s Kappa
Final dataset:unbalanced 91% 0.29

Final dataset: balanced 57.45% 0.4326

5.1.1. Technical setup

For both experiments described below, we used a similar hyper-parameter setup like the one described in

Chapter 4.1–using a grid search on the validation set to tune the hyper-parameters. Our model consists

of a U-Net architecture with 42 layers, batch normalisation at batch sizes of 42 and a categorical cross-

entropy loss function with the Adam optimizer at a learning rate of 1e − 4. The only difference is the

number of epochs we trained for and the number of steps per epoch. A grid search on our validation

set found that with this larger dataset, increasing the number of epochs to 60 gave the best validation

accuracy and similarly, increasing the number of steps per epoch to 1240 gave better results. Our grid

search showed that training past 2, 000 epochs results in overfitting. While training for 60 epochs in

all our experiments, we use the early stopping technique which allows us to stop training if there is no

change in the validation loss, and save the best weights for the network.

5.1.2. Experiment 1: Baseline model on our final dataset

We trained a U-Net baseline model on our final dataset described in section 4.5. To recap, the dataset

consists of 402, 192 training images of size 256×256, 148, 176 validation images and 148, 176 images in

the test set. We perform experiments on the un-collapsed version of the dataset in our experiments with
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the 12 classes as specified in Chapter 4. Training this model took nine and a half hours on an NVidia

Titan V Graphical Processing Unit (GPU) on a machine with 16GB RAM. One significant difference from

the testing phase of the data creation step with this technical setup however was performing inference

during the testing phase. Semantic segmentation requires inference on individual pixels. 148, 176 images

with 256×256 pixels each result in approximately 4.1 billion pixels that have to be forward passed through

the model to obtain predictions. This is 5 times the number of pixels we used during the dataset tuning

process. Storing the prediction versus ground truth arrays of length 4.1 billion is infeasible using our

computational resources. We thus decided to store the prediction vs ground truth arrays in a Comma

Separated Value (CSV) file on disk. Saving the neighbourhood class prediction names as digits instead

of strings (e.g. 11 instead of “Township”) also reduced our memory usage because much more memory

is allocated for a string variable than for an integer variable.

Since the majority of South Africa consists of undeveloped land, our training data also consists of

mostly vacant land. As a result, the model learned how to recognise vacant land pixels with much

better accuracy than other classes.

As expected this model performed very poorly, with a Cohen’s Kappa value of 0.29 and accuracy of 91%.

This high accuracy value was a result of the number of vacant land pixels that the model accurately

recognized, with very low accuracy for other classes. Our training and evaluation data, as well as the

choice of loss of function, encouraged the model to maximize the overall validation accuracy. And in

our case, this could be done by maximizing the accuracy of the majority class which is vacant land.

5.1.2.1. Experiment 2: Baseline model after training on a balanced version the final dataset

To enable the model to classify non-vacant land, we balanced the training and validation data by reducing

the number of vacant land pixels so that the model can learn to distinguish the other classes. We used

the same technique as described in Chapter 4 to balance the training data, keeping images which do

not have vacant land pixels only or if they do, ensuring that these pixels cover at most 70% of the

image. Although this method improved results during the ground truth data construction process, it

eliminates many of the images consisting of buildings like farm-houses and those representing parks and

recreational land. This is because buildings like farm-houses are usually surrounded by farms/vacant

land. Thus, over 70% of the pixels in an image of a farm-house will consist of vacant land resulting

in the image being discarded from the training data. Since our main goal is to detect and classify
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residential neighbourhoods we decided to adhere to this process nevertheless.

Figure 5.1: Confusion matrix of the U-Net model trained on images from the balanced training set.
.

This model achieved an accuracy of 57.45%, Mean Intersection over Union of 45.85% and an improved

Cohen’s Kappa value of 0.4326. Pixels from traditional residential areas/villages were classified with an

accuracy of 83% which could perhaps mean that the visual representation of villages in the Western

Cape and Northern Cape (provinces in our test set) are similar to those in our training and validation
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Table 5.2: Confusion matrix of the results of the model trained on the 12-class labels but evaluated on
the 4-class labels.

Non-Residential
Neighbourhoods

Wealthy
Neighbourhoods

Background
Non-Wealthy
Neighbourhoods

Non-Residential
Neighbourhoods

0.38 0.26 0.2045 0.15

Wealthy
Neighbourhoods

0.015 0.335 0.23 0.415

Background 0.015 0.105 0.5 0.2
Non-Wealthy
Neighbourhoods

0.0226 0.225 0.15 0.61

sets. The township and suburb classes are predicted at 56% and 49% accuracy respectively. Figure 5.1

shows the confusion matrix. We can see that approximately 33% of townships are confused for suburbs

and 10% for vacant land. Similarly, 29% of pixels representing suburbs are misclassified as townships,

13% as traditional residential neighbourhoods and 7% as vacant land.

Figure 5.2: The suburb neighbourhoods enclosed in the blue boundary show how these neighbourhood
categories can have varying sub-types.

Segmenting south African neighbourhoods is not an easy task. From visual inspection, we see that
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the same neighbourhood class can have different visual characteristics depending on the province. For

instance, Figure 5.5 shows images from Western Cape and Northern Cape provinces. The neighbourhood

types enclosed in the blue boundaries are all suburbs. However, the suburbs in the two larger boundaries

towards the right have different characteristics from those on the left. The suburb clusters on the left

look more like townships because of their smaller yards. And the large yards make those on the right

look more like small-holdings (the neighbourhood surrounding the suburbs with large yards) or even

villages. We have seen this occur in other classes too: some townships in other provinces have even

smaller yards and may look like informal settlements. Or they may have larger yards which make them

look like suburbs from afar. This variance in the visual characteristics of neighbourhoods across the

country shows that careful consideration must be given to the construction of the train and test splits

of the dataset. Our future work plans to explore visual similarity metrics to inspect which cities have

similar visual characteristics.

Figure 5.3 shows example failure cases. The first row, for instance, shows that suburbs with larger yards

are confused with traditional residential neighbourhoods. And from row 2 we can see that those with

very small yards are confused with townships. Small-holdings are also often misclassified as traditional

residential neighbourhoods or as farmland. Smallholdings usually have large houses and even larger

yards–both of which are larger than those found in suburbs. Row 3 of Figure 5.3 illustrates some of

these failure cases and row 4 shows how traditional residential neighbourhoods typically look on satellite

images. The model confused small-holdings pixels with traditional residential pixels 38% of the time

and misclassified small-holding pixels as vacant land 34% of the time. This was not surprising as small-

holding landowners usually have a lot of open lands used for small scale farming. Since we have no way

of accurately quantifying this open land consistently across the country, we labelled the location of the

building with a small-holdings mask and the surrounding area as vacant land. Thus, this confusion is

one that we anticipated.

5.1.3. Experiment 3: Leave one province out test experiment

Finally, we perform an experiment to better understand our dataset and the difference between the

visual characteristics of the 9 provinces in South Africa. In order to do this, we train and validate on

8 provinces, and test on the 9th. Between the 8 provinces, we randomly choose 6 of them as training

data and 2 for validation. We perform this experiment in all 9 provinces, using the other 8 for training
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Figure 5.3: Some of the common failure cases. Yellow: Township, Light blue: Suburb, Pink: Industrial
area, Olive green: Commercial land, Red: Informal area, Light green: Farm, Light grey: Collective living
quarters, Dark grey: Village, Blue: Smallholdings, White: Background.

and validation. As specified in Section 4.5.2 our final dataset was composed by sampling images which

cover different sceneries such as densely/sparsely populated areas, mainland/coastal land and different
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ecosystems like forests/grassland and across different provinces.

For this experiment, we used the balanced version of the dataset described in 5.1.2 as training data, and

show results on both balanced and unbalanced versions of the data in each province. In all experiments,

we ensure that there are no overlapping images between the provinces. Table 5.3 shows the exact number

of images per province and the corresponding accuracy while testing on that province and training on

the rest. The test data is balanced using the same technique described in Chapter 4, only keeping

images which do not have vacant land pixels or if they do, ensuring that these pixels cover at most 70%

of the image. Balancing the classes meant that we lost several images with pixels representing classes

such as parks, recreational areas, farms and smallholding areas because buildings from these classes are

usually sparsely populated per image.

Looking at results on the balanced dataset, provinces with relatively high test accuracy such as Mpumalanga

and Free State are located in the inland part of the country. Figure 5.4 shows that the model tested on

Mpumalanga and trained using images from other provinces performs relatively well. It is particularly

good at distinguishing between suburbs, villages/traditional residential and background pixels. Much of

the model’s confusion came from misclassifying townships, informal settlements and farms as traditional

residential neighbourhoods. This could be because residential plot sizes have larger sizes in Mpumalanga

than those in provinces containing more populous cities.

We can also see from Table 5.3 that the accuracy for Gauteng is much lower than the other provinces.

Recall that throughout the dataset creation process we performed many experiments training and testing

on the Gauteng province. Our experiments yielded high accuracy values and corresponding Cohen’s

Kappa values (see Chapter 4). The low testing performance on Gauteng from a model trained on all

other provinces could be because neighbourhoods in the Gauteng Province look very different from other

provinces in South Africa. Spatially, Gauteng is the smallest province in South Africa but it is densely

populated because of the high economic activity in the province. The visual characteristics of Gauteng

could be so distinct that a model only trained on images from provinces outside of Gauteng does not

generalise to it.
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Figure 5.4: The confusion matrix from the model trained on sampled images from the 8 Provinces of
South Africa and tested on Mpumalanga province.

5.2. FUTURE WORK

Our baseline experiments have shown us that provinces in South Africa have differing visual character-

istics. Thus, we have to perform further experiments to create a train/test split that enables better

model generalization.

Moving forward, we plan to refine our segmentation model to improve classification accuracy. Given the
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Table 5.3: Table showing the exact number of images used per province and their corresponding accuracy
values while testing on that province and training on the rest of the 8 provinces, on both the balanced
and unbalanced versions of the test set.

Province Number of images

Overall Accuracy
-without a balanced

test set

%

Number of images
-Balanced test set

Accuracy

-with a balanced

test set
Gauteng 49 392 91.02 8 221 11.08

Mpumalanga 49 392 92.82 3 920 63.49

Limpopo 84 672 93.04 6 601 8.69

North West 91 728 91.09 8 894 28.8

Free State 35 280 93.45 2 367 67.48

KwaZulu-Natal 91 728 89.18 12 841 45.59

Eastern Cape 141 120 92.64 13 192 48.57

Western Cape 91 728 95.54 3 997 31.17

Northern Cape 63 504 99.01 597 35.08

variance in the visual characteristics of neighbourhoods throughout the country, we would like to perform

experiments on different regions to have a better understanding of model performance on this dataset.

Our test set consisted of The Western Cape and Northern Cape provinces whose visual characteristics

may be outliers from those in the rest of the country. Training from scratch and testing on different parts

of the country could give a better indication of how the visual characteristics of different neighbourhoods

vary by province.

Our goal is to apply our segmentation model across multiple years to understand how neighbourhoods

are changing and perform this analysis across the entire country of South Africa. Figures 5.5 and 5.6

show example cases of this where Figure 5.5 shows time-lapse images of a wealthy neighbourhood next

to Johannesburg from our satellite image repository. The neighbourhood circled in red in Figure 5.5b

looks like a smallholding neighbourhood type because of the sparsity of buildings and large plot sizes.

However, this neighbourhood seems to change into what appears to be a suburb over time with a higher

density of houses and smaller plot sizes. Figure 5.6 shows the growth of a township through time, we

consistently see the small plots of land and uniform visual characteristics throughout the period. We

hope to discover these types of phenomena using our dataset and segmentation model throughout the

country. Coupling our analysis with census data could give further information on how the demographic

makeup of the neighbourhoods has changed, and working with policymakers could help us understand
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which policies help desegregate neighbourhoods.
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(a) 2011 (b) 2013

(c) 2015 (d) 2017

Figure 5.5: These are time-lapsed images from our satellite image repository of a wealthy neighbourhood
next to Johannesburg. The structure at the top-right of the image developing over time is the biggest
mall in Africa (Mall of Africa) and around it developing is a wealthy neighbourhood. The neighbourhood
circled in red in Figure 5.5b looks like a smallholding neighbourhood type because of the sparsity of
buildings and bigger plot sizes, however, this neighbourhood seems to change into what appears to be
a suburb over time with a higher density of houses and smaller plot sizes.
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(a) 2011 (b) 2013

(c) 2015 (d) 2017

Figure 5.6: These are time-lapsed images from our satellite image repository of part of the Soweto
Township in Johannesburg as it grows through time.
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CHAPTER 6

CONCLUSION

6.1. CONCLUSION

Although satellite images are readily available in most parts of the world, ground truth datasets labelling

the objects of interest, in our case neighbourhoods, are not. This is especially true for countries

in the developing world. Our work takes the first steps required to use satellite imagery to analyse

the evolution and effects of spatial apartheid in South Africa, by assembling an appropriate training

and evaluation dataset and creating a model as a proof of concept for segmenting residential and non-

residential areas in South Africa. The dataset consists of satellite images and corresponding ground truth

images mapping 12 different neighbourhood types in South Africa. These classes are: Collective living

quarters, Commercial, Farm, Informal settlement, Formal Residential, Industrial, Parks and recreation,

Smallholdings, Traditional residential, Vacant, Township and Other. The first 10 classes were defined by

Stats SA in their 2011 survey. But the Township class was not defined as an independent neighbourhood

type–it was instead combined with suburbs and defined as a formal residential area. As described in

Chapter 4, we separated these classes and labelled all the townships in the country. This was an

important step in our analysis because townships were crucial to Spatial Apartheid as this was where the

government placed non-European people. We performed an iterative process to assemble our dataset as

described in Chapter 4 and trained and evaluated a U-Net segmentation model to classify image pixels

according to the 12 classes. This was done with an accuracy of 57.45% and a Cohen’s Kappa value of

0.4326.

While we did not anticipate spending 1.5 years assembling a dataset, this process has shown us the

importance of this step and the complexity involved in it. Recently, machine learning researchers have

called for the community to teach data annotation and collection practices as a speciality, and valuable

contributions in this area as much as model related innovations [Lawrence, 2017; Jo and Gebru, 2020].

This lack of incentives to create new datasets and reliance on building models suited for existing bench-

marks has resulted in a limited understanding of which parts of the machine learning pipeline require

the most amount of time and resources [Lawrence, 2017]. It has also resulted in a lack of innovation in

the design and procedure of dataset annotation and collection practices [Jo and Gebru, 2020; Lawrence,

2017]. Our dataset creation process took much more time than expected and presented us with many
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unexpected challenges which required us to create an iterative dataset construction methodology using

a machine learning model to tune the dataset.

We hope that, as one of the few neighbourhood segmentation models focused on the developing world,

and the only one covering South Africa, this dataset will help enable interdisciplinary research in many

areas. We plan to use this dataset to study the evolution of neighbourhoods across South Africa over

time and hope to partner with policy researchers to perform further investigations using our dataset.
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