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Abstract

Quality of life is a multidimensional concept that accounts for various socioeconomic
factors, including wealth, safety, and access to education, healthcare, and basic
services. Understanding and improving the quality of life for people around the
world is a global endeavour supported by several of the United Nations Sustainable
Development Goals. Governments and organisations rely on socioeconomic data
to inform the quality of life of a particular country or region. Traditionally,
socioeconomic data is collected via surveys and censuses. However, these are

expensive to run and require significant work and coordination.

Prior research investigates using machine learning and big data sources like satellite
images to predict various socioeconomic indicators. In recent years, studies on
several sub-Saharan countries have shown the potential to measure poverty via
indicators such as asset wealth and consumption expenditure. However, these
studies often focus on the narrow scope of economic wellbeing. Limited work has
been undertaken in estimating proxies of multidimensional quality of life from

satellite images, especially in a South African context.

This research investigates the question: “how well can a machine learning model
estimate a quality of life index from satellite images in Gauteng, South Africa?” By
adapting the existing gold standard methods for predicting poverty from satellite
images, this research investigates predicting a multidimensional quality of life
index from daytime satellite images. The quality of life index for wards across
Gauteng, South Africa is obtained from data provided by the Gauteng City-Region
Observatory. This dataset is used to train a convolutional neural network to extract

features from daytime satellite images (obtained from Planet Labs). From these

ii



features, the selected quality of life index is predicted.

Results obtained are suboptimal with a negative Coefficient of Determination, which
is below baseline performance for poverty prediction and worse than predicting
the sample mean of the test set. A critical analysis of the methods and results
concludes that the methods applied are not suitable for a multidimensional index
such as the one collected by the Gauteng City-Region Observatory. Primary
conclusions suggest that this result is due to the subjective nature of factors in the
index, the appropriateness of the machine learning model selected, and the physical
disparities of South African urban environments within small spatial areas. A
primary recommendation is further exploration of the boundaries of using machine

learning methods with satellite data for measuring quality of life.
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1 Introduction

On a flight inbound to Johannesburg, one sees an aerial visual tapestry of human
life in Gauteng, South Africa. From the sky, contrasting living conditions are
evident to the naked eye - urban centres rise amidst the rural outskirts of cities, and
densely populated townships juxtapose leafy, affluent suburbs. As South Africa’s
economic powerhouse and the most populous province, Gauteng is a compelling

case study for novel methods of measuring quality of life.

Understanding the quality of people’s lives within a community is vital in modern
society. “Quality of life” is a broad concept that fundamentally refers to how good
or bad people’s lives are. The exact definitions and contributing factors of a “good”
quality of life have been widely debated [1]. Historically, income, asset wealth, and
statistics like Gross Domestic Product (GDP) are the simplest proxies for quality
of life. However, today, there is consensus that quality of life measures should
extend beyond economic factors alone to account for multidimensional objective and
subjective indicators of wellbeing. Factors such as access to essential services (water,
electricity, internet, refuse removal, sanitation), healthcare, education, employment
opportunities, safety, and subjective experiences of happiness and satisfaction all

contribute to a more robust description of quality of life [1-5].

Regardless of the formulation, data about the various contributing factors is critical
to measuring quality of life, and the benefits of measurement are multifold. Quality
of life data attempts to reflect the wellbeing of residents and offers a baseline
reference to identify challenges and opportunities for improvement at city, regional,
and national levels. From this data, governments, advocacy groups, civil society,

and international organisations can report on and address the state of people’s lives.



CHAPTER 1. INTRODUCTION 2

What’s more, meaningful action can be taken to improve individual and community
livelihoods through evidence-based policies that enhance service delivery, promote
infrastructure development, and support social needs [6, 7]. Over time, measuring
quality of life provides an important feedback loop to monitor interventions taken

by the government and for those in power to be held accountable [7, §].

Traditionally, governments and organisations collect quality of life data through
surveys and censuses. A census aims to enumerate every person within a defined
enumeration area, while a survey aims to produce representative estimates for a
target population by applying a sampling design and appropriate weighting [9].
For representative household surveys, probabilistic sampling methods are typically
used and, where possible, data is collected via door-to-door interviews to max-
imise coverage and response rates [1, 7, 10]. Online surveys can lower cost and
shorten field time compared with door-to-door approaches, but they pose risks
to representativeness because of coverage bias, self-selection, and difficulties in
verifying respondent identity or characteristics [11]. Although censuses are intended
to achieve full enumeration, they nonetheless commonly face undercoverage and
nonresponse and are undertaken less frequently because of their substantial cost

and logistical complexity [9].

Once survey data is collected, responses can be aggregated in different ways to
form meaningful models of quality of life. In practice, this typically involves the
construction of a composite index that combines various reported dimensions into
a single summary measure. However, the methodological approaches to creating
such indices vary considerably and involve important theoretical and statistical

decisions that can significantly impact the resulting measure.

The construction of composite indices requires several key methodological choices:
the selection and weighting of indicators, the approach to handling missing data, the
statistical techniques used for dimension reduction, and the methods for aggregating
dimensions into a final index score [12]. For example, indices can be constructed
using theory-driven approaches where dimensions are defined in advance based
on existing literature, or through data-driven Exploratory Factor Analysis (EFA)

using techniques such as factor analysis to empirically determine how indicators



1.1. OVERVIEW OF RESEARCH 3

cluster together. A prime international example is the Human Development Index
(HDI) [13], which uses a predetermined theoretical framework to combine health,
education, and standard of living indicators. In the context of this research, a key
local example is provided by the Gauteng City-Region Observatory (GCRO) who
produces the GCRO Quality of Life Index/Survey/Dataset (GCRO QoL) index - a
seven-dimensional, 33-indicator model. This model is derived through Exploratory
Factor Analysis (EFA) that allows the South African context to influence the index
construction, rather than imposing externally-derived theoretical frameworks [10,
12, 14].

Traditional survey-based methods of measuring quality of life are often costly,
time-consuming, and face several challenges, especially in low- and middle-income
countries (LMICs). An emerging field of research explores alternative methods for
estimating select socioeconomic indicators from readily available data sources such
as satellite images, social media, or mobile phone activity. This data is typically
large and unstructured, rich in information about human behaviour and patterns.
These big data sets can be used in conjunction with existing survey data to train

machine learning models to estimate a given indicator.

1.1. Overview of Research

This research explores alternative methods for measuring quality of life, specifically

focusing on the GCRO QoL index. The central research question is:

How well can a machine learning model estimate a quality of life index from satellite

images in Gauteng, South Africa?

This question extends the broader research domain of using remote sensing tech-
nologies to assess socioeconomic development. While existing work has explored
machine learning methods applied to remotely sensed data to measure a limited
set of socioeconomic indicators, this research investigates the extent to which these

methods can be applied to measuring multidimensional quality of life.
1.1.1 Research Objectives

The primary goal of this research is to design a tool that estimates the GCRO QoL

index in Gauteng per ward from satellite images. The following research objectives
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are identified:
1. Identify high-quality data sources for this research.
2. Develop a reproducible data processing pipeline.

3. Develop a machine learning model suited to estimate the GCRO QoL from

remote sensing data.

4. Evaluate the model using machine learning standards and baseline perform-

ance metrics.

5. Assess the feasibility and scalability of this approach.

1.2. Roadmap of the Dissertation

The remainder of this dissertation documents and discusses relevant work conducted
to answer the research question. Chapter 2 provides background of the problem
domain. Thereafter, a literature review of remote sensing applications for measuring
quality of life is presented in Chapter 3. This review highlights the research
significance and identified gaps inform the research scope, including assumptions
and constraints taken into consideration. Chapter 4 documents the research scope,
along with the research methods applied, including data sources, data processing
methods, the machine learning model employed, and evaluation techniques applied.
The results of the applied research methods are presented in Chapter 5. Chapter 6
provides an interpretation and analysis of the results and methods. This chapter
discusses the implications of the findings against the broader backdrop of using
remote sensing for measuring quality of life is shared. Finally, Chapter 7 summarises
the contributions, reflects on the overall study, and proposes recommendations for

future research.

1.3. Research Significance

This research explores whether satellite imagery can supplement traditional survey
methods for measuring quality of life. The work is motivated by a vision of a
future in which frequent, reliable, low-cost data about the quality of people’s lives

is readily available and can be used to meaningfully improve livelihoods.
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While traditional survey-based methods remain the gold standard for quality of
life measurement, their limitations in resource-constrained environments create
opportunities for complementary approaches. This work investigates what satellite
imagery can reveal about multidimensional human wellbeing and whether remote

sensing might enhance conventional data collection.

The significance extends beyond methodology alone. In places like Gauteng,
where rapid urbanisation meets persistent inequality, more frequent, spatially
comprehensive quality of life data could strengthen evidence-based policymaking

and resource allocation.



2 Understanding the Problem

This chapter contextualises the problem domain, providing necessary background to
the conducted research. The definitions of quality of life are further elaborated on,
and more details are provided on traditional methods of measurement. Challenges
with these traditional methods are highlighted. From these challenges, a clear
problem statement emerges: LMICs face a significant data gap compared to their
wealthier counterparts. Closing this gap with traditional, survey-based methods
alone is not easy or cheap. As an alternative, novel methods of measurement from

remotely sensed data have emerged, which are discussed further in Chapter 3.

2.1. A Brief History of Quality of Life Measurement

Quality of life is a broad, subjective concept that fundamentally describes how good
or bad people’s lives are. But what does a “good” quality of life look like? This is
a question that has occupied philosophers for millennia. The experience of a “good”
life is dependent on one’s material living standards and external environment. Does
one have access to water, electricity, sewage and waste services?” What kind of
roof and building material is one’s dwelling made of? What is one’s employment
status and income bracket? However, beyond these objective factors, there are
also subjective factors of what wellbeing means to an individual or community,
influenced by social norms, culture, beliefs, and personal values and aspirations. A
single, consistent definition for quality of life, therefore, does not exist [1]. Instead,
predominant theories describing quality of life have emerged and today, there is

consensus that the concept describes multidimensional human wellbeing [1, 6, 15,
16].

The measurement of quality of life has evolved over the past century as broader
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societal values have shifted to prioritise the desire for wellbeing, equality, equity,
and basic living standards for all [1, 17]. In the early 20th century, economic
indicators such as GDP and income levels were proposed as objective measures of
a nation’s development and progress. Thinkers of the time drew direct correlations
between a nation’s prosperity and material living standards. Higher income levels
typically meant better access to goods and services, improved housing, enhanced
healthcare, and greater educational opportunities. As a result, economic indicators

were seen as proxies for overall quality of life [1, 6, 16, 17].

By the mid-20th century, GDP was the de facto measure for comparing economic
performance of nations. It was widely adopted by governments and international
organisations like the World Bank and International Monetary Fund [16-18]. The
metric presented an opportunity for quantifying quality of life through a measurable,
numerical proxy. However, GDP, and its byproduct, GDP per capita, is limited
by the emphasis on economic output and prosperity through production. It does
not account for inequality (how income is distributed), the quality of goods and
services, environmental sustainability of production, or non-economic factors that

impact perceptions of the quality of life [16, 18].

The gaps in economic measures to describe quality of life motivated the development
of the capabilities approach led by Amartya Sen [1, 15]. His work represented a
fundamental shift away from evaluating prosperity and wellbeing based on the
current economic success of individuals within the society. Instead, Sen proposed
evaluating quality of life according to what people can be and do [1, 15]. In this
context, quality of life becomes about the opportunities and resources an individual
could have and not only about what they currently own or earn, offering a more

nuanced and human centred-perspective on development.

Sen’s capabilities approach, developed in the 1980s, was key in informing the
HDI [13]. Developed by the United Nations (UN) [17, 19], the HDI is constructed
by aggregating proxies of access to health, education, and goods. Although Sen
criticised HDI as another crude composite index [1], the index acted as a revolu-
tionary alternative to GDP per capita and popularised the need for measuring

multidimensional quality of life.
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2.2. Traditional Methods of Measuring Quality of Life

Traditional methods for measuring quality of life predominantly rely on quantitative
and qualitative data gathered through surveys, censuses, and administrative records.
From these primary data sources, researchers can derive various socioeconomic
indicators that capture different dimensions of wellbeing. This data may be collated
in different ways—depending on the approach taken—to construct a composite

index that summarises quality of life.

However, there are fundamental differences in how these indices are constructed
and applied spatially. For example, the HDI mentioned previously is calculated at
an aggregate national level, using pre-aggregated administrative data and survey
statistics relating to health, education, and income [13]. In contrast, the GCRO QoL
index is constructed at the individual respondent level from survey responses, which
can then be aggregated to different spatial scales such as wards, municipalities, or
provinces [12]. This distinction between individual-level and aggregate-level index
construction has important implications for spatial analysis and the potential for
satellite-based measurement, as individual-level indices can be flexibly aggregated

to match the spatial resolution of remotely sensed data.
2.2.1 Surveys

Surveys are a cornerstone in assessing quality of life—whether uni- or multivariate.
They collect detailed information from a sample of the population on income,
employment, education, health, and housing conditions. These surveys can also in-
clude subjective wellbeing questions, where individuals self-report their satisfaction
with different aspects of life, providing valuable insights into personal perceptions
of livelihoods [4, 20].

Importantly, surveys employ carefully designed sampling frameworks that aim to
accurately represent demographic, socioeconomic, and geographic diversity within
the target population. Without this intentional design, results may systematically
exclude certain groups or overrepresent others, introducing bias that undermines
the validity of findings [7]. The questionnaire itself must also be developed to ensure
questions are culturally appropriate, accessible across education levels, and capable

of capturing the full spectrum of experiences within heterogeneous populations [7].
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2.2.2 Censuses

Censuses are a particular type of survey where the sample aims to include all
members of a population [21]. Due to the large scope of this method, censuses are
usually conducted by national statistic offices once every five to ten years. They
capture essential information such as age, gender, income levels, housing conditions,
and employment status across large geographic areas. This extensive data allows
for the analysis of trends and disparities within regions, enabling policymakers to

identify areas needing improvement and allocate resources effectively.
2.2.3 Administrative Data

In addition to surveys and censuses, administrative data can also be used to measure
quality of life. Various economic metrics can be gathered from the public and private
financial sectors and unemployment rates, birth rates, life expectancy, and literacy
rates can be collected from government departments (e.g. Department of Home
Affairs, Department of Basic Education, Department of Labour). Together, this
administrative data contributes to a multifaceted view of a population’s wellbeing
with less intervention than surveys or censuses. However, administrative data alone
does not paint a full picture and is heavily dependent on what and how data is

collected by government departments.

2.3. Relevant Survey Examples
Specific examples of surveys relevant to this dissertation are discussed below.
2.3.1 Demographic and Health Surveys

The Demographic and Health Surveys (DHS) programme, funded by USAID, is a
primary source of data on population, health, and nutrition in LMICs [22]. The
programme supports a local agency, for example, Statistics South Africa (Stats
SA), in conducting the DHS survey and consolidating the results. One component
of the DHS datasets is the asset wealth index, which is constructed by applying a
Principal Component Analysis (PCA) to survey responses on household ownership
of various assets, such as televisions, bicycles, and housing materials. The DHS

asset wealth index is used in previous research in the field (see Section 3.3).
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2.3.2 Living Standards Measurement Study

The Living Standards Measurement Study (LSMS) is a survey initiative by the
World Bank, designed to collect detailed data on various aspects of household well-
being in LMICs [23]. A primary indicator of economic welfare and living standards
in the LSMS surveys is consumption expenditure, a measure of consumer spending
and purchasing power. Together with asset wealth, consumption expenditure
can be useful in assessing poverty [6, 24]. As with the asset wealth index above,

consumption expenditure is used in previous research in the field (see Section 3.3).
2.3.3 Gauteng City-Region Observatory Quality of Life Index

Established in 2008, the GCRO is a partnership think tank between local universities
and government in Gauteng, South Africa. The organisation’s primary objective is
to support data collection and use for policy and research in the country’s most
densely populated province [25]. The GCRO conducts a survey on multidimensional
quality of life every two years (GCRO QoL surveys), covering a broad range of
topics including household circumstances, service delivery, health, education, safety,
employment, and life satisfaction. Using the survey data, a single composite index
is calculated (hereafter the GCRO QoL index) [10, 12]. Given the importance
of this index for the remainder of the dissertation, a deeper dive into the index

methodology is provided below.
Index Construction and Methodology

The GCRO QoL index represents a tailored approach to measuring multidimensional
quality of life, specifically designed for the South African context. Unlike many
international quality of life indices that apply predetermined theoretical frameworks
developed primarily in the Global North, the GCRO employs an explicitly context-
sensitive approach that allows local conditions and priorities to influence index

construction [12].

The GCRO derives a 33-variable, seven-factor model of quality of life from the
GCRO QoL survey data, which has 58 questions. The approach employs EFA and
Weighted Least Squares (WLS) to generate the model. The seven dimensions that
emerge from the factor analysis are: infrastructure and services, socioeconomic

status, government satisfaction, life satisfaction, safety, health status, and political
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engagement [12, 26]. The dimensions are then aggregated into the composite GCRO
QoL index, weighted by their eigenvalues rather than being equally weighted, and
scaled to run from 0 to 100 [12]. This approach ensures that dimensions with

greater explanatory power contribute more substantially to the overall index.
Objective and Subjective Components

The GCRO QoL index incorporates both objective and subjective indicators as
reported by respondents [10, 12]. Objective measures include tangible aspects such
as access to services, employment status, housing conditions, and income levels.
Subjective measures capture individuals’ experiences and perceptions, including
life satisfaction, feelings of safety, and satisfaction with government services. This
combination creates a comprehensive measure that extends beyond purely economic

indicators to capture the multidimensional nature of wellbeing.
Validation and Temporal Consistency

The GCRO has validated the index model through Confirmatory Factor Analysis
(CFA) and tested for invariance across multiple survey iterations (Rounds 3 to
5), confirming that the pattern of indicators among factors remains stable over
time. This validation demonstrates the model’s ability to generate longitudinally
comparable results, making it suitable for tracking changes in quality of life across

survey cycles [12].
Methodological Significance

The GCRO‘s approach represents a significant methodological contribution to qual-
ity of life measurement in middle-income contexts like Gauteng, South Africa [12].
By prioritising empirical exploration over predetermined theoretical frameworks,
the methodology allows for the emergence of locally relevant dimensions that might
be overlooked by indices developed in different contexts. This context-sensitive
approach provides a model for quality of life that is locally significant and relevant

for applied research, as in the case of this dissertation.
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2.4. Challenges of Traditional Methods of Survey-Based
Measurement of Quality of Life

Survey-based methods for measuring quality of life, or sub-indicators thereof, face
a number of challenges, especially in LMICs. These challenges are discussed below,

setting the scene for the problem statement that this research addresses.
2.4.1 Cost

Representative surveys that produce high-quality data are expensive and time-
consuming, often requiring substantial financial investment over multiple years [27-
29]. For example, the GCRO QoL survey, despite being geographically limited to a
single province in South Africa, allocated a budget of R 16.5 million (excluding VAT
for the 2023/24 iteration to conduct a minimum of 12,000 face-to-face interviews
across Gauteng’s 529 wards [30]. This substantial cost encompasses fieldworker
training and remuneration, survey management, data collection infrastructure, qual-
ity control processes, and analysis. The financial burden is particularly challenging
for LMICs where resources for data collection are already constrained. Even with
significant investment, there remains considerable risk that the high costs may not
necessarily result in high-quality data, as evidenced by the GCRO‘s own experience
of budget overruns and the need to discard substantial numbers of interviews due

to quality issues in previous survey iterations [26, 31].
2.4.2 Logistics

Beyond the financial and time cost of conducting surveys, the logistics are also
complex, even in the case of smaller-scale surveys. For example, the GCRO QoL
survey requires extensive coordination and planning across Gauteng to ensure
effective sampling and household visits. Hiring and training surveyors requires

preparation and investment.
2.4.3 Data Processing and Analysis

Once survey data is collected, the consolidation and analysis of survey results
presents additional challenges. This process involves complex statistical procedures
including data cleaning, weighting to ensure representativeness, handling missing

values, and applying appropriate analytical techniques. For composite indices like
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the GCRO QoL index, this extends to methodological decisions about indicator
selection, dimension reduction, and aggregation methods. These analytical processes
require specialised expertise and can be time-consuming, adding to the overall

complexity and cost of survey-based quality of life measurement.
2.4.4 Frequency and Timeliness

Due to the cost and logistics of surveys, the frequency of data collection is often
constrained. This is true in most LMICs in sub-Saharan Africa, including South
Africa. While survey programmes often maintain regular schedules, such as the
GCRO QoL surveys (every two years) [26], Multiple Indicator Cluster Surveys
(MICS) (every three to five years) [32], and DHS surveys (every five years) [22], there
are often delays and irregular implementation cycles. For example, the GCRO QoL
survey, originally planned as a biennial survey, has experienced increasing timing
challenges due to survey size and resource constraints [31]. Irregular frequency
of representative household surveys may result in outdated data being used to
inform policy decisions and assess quality of life trends. Additionally, even when
surveys are conducted on schedule, the substantial lag time between data collection,
processing, and analysis can delay the implementation of necessary interventions
by months or even years, reducing the overall impact of policy initiatives. The
timeliness challenge is particularly acute for rapidly changing urban environments
like Gauteng, where socioeconomic conditions can shift significantly between survey

cycles, making older data less relevant for contemporary decision-making.
2.4.5 Sampling

Ensuring that sampling accurately reflects the population’s diversity is another
challenge of survey-based methods. National statistics offices like Stats SA and
research organisations like the GCRO take precautions through careful stratification
and weighting techniques when sampling [7]. However, disparities in literacy rates,
language barriers, and varying levels of trust in governmental institutions can still
lead to sampling biases and non-response rates. Marginalised groups, including
those in informal settlements or remote rural areas, may be underrepresented,

skewing the results and limiting the generalisability of findings.
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2.4.6 Data Quality and Accuracy

Given the resource and sampling constraints in LMICs, a pertinent question arises
about the quality of socioeconomic statistics collected in these environments. In
his book, Poor Numbers, Jerven (28] argues that developing economies are poorly
modelled and reported on, because of limited funding and low state capacity.
Although Jerven‘s argument applies to national statistics, similar questions are
posed about localised surveys as well. For example, examination of the GCRO QoL
survey methodology reveals tensions between administrative boundaries and natural
population clusters. While the survey employs a sophisticated multistage approach
using probability proportional to size sampling within enumeration areas [33],
the overall sampling framework remains constrained by ward boundaries - South
Africa’s lowest administrative division [26]. These divisions are dependent on the
number of voters within a particular region. However, voter clusters may not
necessarily align with natural population clusters, potentially affecting the precision
of local estimates. This is a consideration that must be kept in mind when using

representative surveys.
2.4.7 Safety of Fieldworkers

The safety of fieldworkers is a relevant challenge to traditional based survey methods.
In a South African context, high crime rates in certain areas are a risk to researchers
and surveyors, potentially limiting their ability to collect data effectively [34]. For
example, questionnaires are often completed with smartphones or tablets, prime
targets for robbery. Fieldworkers may also face animosity and harassment depending

on community perceptions [34].

2.5. The Widening Data Gap

Against the backdrop of complex historical, institutional, economic, and political
nuance, the challenges of traditional survey-based methods leads to a widening
data gap between developed and developing nations. Many of the challenges
disproportionately affect developing nations [28, 29]. LMICs often face more severe
resource constraints, making costly census and survey operations difficult to fund
and sustain [28]. Logistical challenges are amplified by inadequate infrastructure

and transport, particularly in remote regions. Sampling biases may be compounded
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in countries where population registries are incomplete or outdated, or where
rapid urbanisation creates informal settlements that are difficult to enumerate
systematically. Additionally, safety concerns for fieldworkers can be heightened
in areas with political instability or conflict, a common feature in less developed
regions. These amplifications of traditional survey methods set many developing
nations behind in their data capabilities [28, 29]. A key consequence of this data
gap is limited insights into quality of life in LMICs.

A useful metric for reporting on the data gap is the World Bank’s Statistical
Performance Indicators and Index (SPI), which is a proxy for a country’s statistical
capacity [35, 36]. SPI considers five dimensions: data use, data services, data
products, data sources, and data infrastructure. The average statistical capacity of
sub-Saharan Africa ranks significantly lower than most European, North American,
and Middle Eastern countries (see Figure 2.1) [37]. Improving SPI scores requires
more than simply collecting additional data. It demands systemic improvements in
statistical infrastructure, institutional frameworks, and human capital development

that extend well beyond any single measurement challenge.

Bottom 20% 2nd Quintile [l 3rd Quintile [l 4th Quintile Jiij Top 20%

Figure 2.1: Global SPI score 2023 [37]

Addressing this data gap fundamentally requires strengthening institutions, develop-
ing statistical skills, and building capacity. These are investments that are valuable

for countries regardless of data collection needs. However, these institutional
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developments require substantial time and sustained investment. As Jerven [29]
notes, the financial and opportunity costs of comprehensive data collection through
traditional survey methods are considerable, particularly given the exponential
increase in data demands from initiatives like the UN Sustainable Development
Goals. While building strong statistical institutions remains the long-term solution,
there is value in exploring complementary approaches that could help bridge data
gaps in the interim, particularly for countries where institutional capacity building

is still underway.
2.5.1 Potential Solution: Novel Methods of Quality of Life Measurement

To address the widening data gap, a field of research has emerged to explore altern-
ative methods for measuring quality of life. Big data sources like satellite images,
social media, and mobile phone activity are rich in information about patterns in
human lives and wellbeing. These data sources offer potential advantages includ-
ing more frequent updates and broader spatial coverage compared to traditional
surveys. At the same time, the scaling of global computational capacity has made
machine learning methods increasingly viable for analysing and processing large,
complex datasets. At this intersection, an interdisciplinary field of research exists
where machine learning methods are applied to big data sources for measuring

socioeconomic development, quality of life, and wellbeing.

2.6. Chapter Summary

This chapter has described the evolution of measuring quality of life, and the
challenges faced with traditional methods. In middle-income contexts like South
Africa, there is growing recognition of the need for high quality, frequent data
about populations’ multidimensional quality of life, as evidenced by initiatives
like the GCRO QoL surveys. While basic poverty and development indicators
remain priorities in many LMICs, understanding broader dimensions of wellbeing
becomes increasingly important as countries develop institutional capacity and
seek to address more complex aspects of human flourishing. However, traditional
methods are slow and costly. Novel data collection methods using remotely sensed
data offer a promising avenue to explore for supplementing survey-based quality of

life measurement.The extent to which these methods can capture multidimensional
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aspects of quality of life remains an open research question that this dissertation
seeks to address. This dissertation is situated within this context. The next chapter
will explore how satellite images and machine learning techniques have been applied

in prior work in the field.



3 Literature Review

The field of measuring quality of life from remotely sensed datasets is relatively
new, having emerged in the last 30 years [27, 38, 39]. Although there is relatively
limited prior research that explicitly references quality of life [27, 38], much work
has been completed in the domain of measuring various socioeconomic development
indicators that can be construed as proxies for quality of life [27]. For this reason,
this literature review focuses on machine learning methods applied to satellite images
to predict proxies for human wellbeing—whether economic or multidimensional.
Additionally, some data fusion methods are touched on that incorporate additional

data sources.

Satellite imagery is a primary remote sensing dataset that is readily available and
frequently collected and used as inputs to machine learning models for measuring
socioeconomic development indicators [27, 38, 40]. The application of deep learning
to satellite imagery analysis became feasible in the mid-2010’s, following the
development of ResNet architecture [41] and the availability of large-scale labeled
datasets like ImageNet. Other data sources include mobile network data, Wikipedia
articles, land cover maps, OpenStreetMaps, and Facebook marketing data [40].
Much of the research in this domain has focused on satellite images as the primary
data source and then expanded this to incorporate additional datasets. This
literature review will therefore highlight work conducted with satellite images and

touch on additional data sources that are relevant in this field.

The themes of prior work are presented through the lens of what is measured and
how measurement is conducted. By discussing what has been done, a few gaps in the

literature emerge. These include scope to explore the prediction of multidimensional

18
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indexes, the focus on nighttime light data as a primary methodological approach,

and the lack of research in a South African context.

3.1. Overview

Prior research in the field explores estimating a range of socioeconomic variables
from satellite images. Generally, work focuses on economic activity and poverty [27].
However, some multidimensional proxies for human development and quality of life
have also been considered [42-44]. This section analyses key themes of variables
measured, along with the machine learning methods used for estimation from

remote sensing data.

3.2. Measuring Economic Activity

Early work in the field, beginning in the late 1990s, reported a high correlation
between nighttime light data and GDP [45-47]. This finding emerged from research
into estimating the spatial distribution of population from satellite images. Elvidge
et al. [45] showed that although population is not well-correlated with nighttime
satellite images, GDP is, opening the doors to measuring economic development

from remotely sensed data.

Correlations between nighttime light data and economic activity laid the foundation
for much of the subsequent work in this field [27, 47]. However, the underlying
premise of this research is that global, frequent daytime satellite imagery is less
available and high cost. Historically, daytime satellite images were expensive and
high-effort to obtain, especially for global coverage [48]. In contrast, nighttime
light data is a fraction of the cost because it can be collected at lower resolution
using simpler sensors, originally designed for weather monitoring [49]. This data
requires much less data storage due to smaller file sizes, and is freely available from
sources like the NOAA Defense Meteorological Satellite Program [49]. This made
nighttime lights data a preferred data source for early poverty mapping research.
However, programmes like Landsat have revolutionised the use of daytime satellite
imagery by providing archival data at no cost [48]. Many other data sources (e.g.
Planet [50]) provide high coverage and often at a low cost, especially for research

purposes [27]. This has sparked lines of research that broaden the scope of remote
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sensing applications. Nonetheless, given the importance of nighttime light data in

the field, it is valuable to review methods that rely on this datasource.

A similar prominent economic variable is average household income [51-53]. In-
put datasets from which predictions are made, include daytime satellite images,

nighttime light data, Google Street View, and land use.

Although GDP and income are valuable economic measures, they do not sufficiently
reflect multidimensional quality of life (see Chapter 2). Estimating GDP from
remote sensed data supports valid needs to understand economic activity and
growth of countries or regions. However, in the context of assessing quality of
life, GDP does not account for income distribution or environmental, social, or

subjective factors that impact wellbeing.

3.3. Mapping Poverty

Poverty mapping is a significant area of study for estimating indicators of socioeco-
nomic development from remote sensing data [27, 38]. One of the primary UN
Sustainable Development Goals is to end poverty by 2030 [54]. This has driven
efforts to reliably map poverty frequently, especially from data sources like satel-
lite images, based on the success of understanding economic activity from these
sources [27, 55, 56]. Previous work in the field has focused on estimating poverty
metrics from a range of remote sensing data sources using machine learning models.
This includes daytime satellite images, nighttime light data, geolocated Wikipedia
articles, and mobile phone network data [27, 55-57].

3.3.1 Defining Poverty

The definition of poverty is complex and contested. As Everatt [58] notes, despite
poverty being a central focus in South Africa’s post-apartheid development agenda,
“the country has spent years fighting over how to define poverty, and thus how to
measure and understand it.” While poverty is related to quality of life, it represents
a specific lack of resources required to meet people’s needs [58]. In this definition,
multidimensional poverty extends beyond purely economic resources, though these
remain important. Various approaches to poverty measurement include income

and asset poverty, calorific intake measures, and sustainable livelihoods approaches
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that focus on “capacities and potentialities the poor have, rather than on the
assets and income they lack” [15, 58]. Furthermore, poverty also crosses into the
“psychosocial realm” [58], where factors like alienation, anomie, and social exclusion

play a significant role, but are not necessarily directly observable.

Despite these multidimensional considerations, it is common to assess poverty
according to an economic baseline of income or wealth [59]. One such tool for
this is poverty lines, which define a minimum income necessary to achieve an
adequate standard of living. For example, the international poverty line is currently
USD 2.15 per day, below which individuals are considered extremely poor [60]. Sim-
ilarly, poverty can also be assessed relative to asset wealth indices and consumption

expenditure [24].
3.3.2 Transfer Learning with Nighttime Light Data

Beginning with Jean et al. landmark 2016 study, one primary method of measuring
asset wealth and consumption expenditure is a multistage transfer learning pipeline
using both day and night satellite images [27, 55, 61, 62]. First, a pre-trained
Convolutional Neural Network (CNN), typically initialised with ImageNet [63]
weights, is fine-tuned to predict nighttime light intensity from satellite images in
the visual spectrum. This machine learning model is used to extract features from
the same satellite images. These features are then input as training data to a
regression model to predict household expenditure and an asset wealth index. The
approach has been found to explain up to 80 % in the overall variation of these
outcomes [27, 38, 40].

Importantly, the transfer learning approach does not rely on manually engineered
features for estimation. The model is trained to predict nighttime light intensities
from daytime satellite images without requiring human annotations to guide the
model’s “attention”. This approach significantly reduces the need for labour-
intensive preprocessing and annotation of satellite imagery. Instead, the model

autonomously learns relevant features that correlate with nighttime light patterns.
3.3.3 No Transfer Learning

Building on poverty mapping with transfer learning approaches, Yeh et al. [56]

trained machine learning models to estimate asset wealth across Africa from satellite
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imagery. However, nighttime light data was used as an additional data input for
training rather than an intermediate target. Additionally, multispectral satellite
images were used, including several bands beyond the visual spectrum. This model
performed similarly to the transfer learning based approach even with limited

training data availability [56].
3.3.4 Object Detection

Some research has explored object detection methods for measuring economic
indicators useful for poverty mapping [57, 64]. Although these methods are
comparable to the transfer learning and end-to-end methods described above, they
rely on intensive satellite image annotation. In fact, Engstrom et al. [64] outsourced

the annotation of the satellite images in their dataset to a private company.
3.3.5 Additional Combination Methods

Several multimodal machine learning methods have also been explored for poverty
mapping, predominantly in LMICs. These include incorporating datasets such as
mobile phone data [65, 66], geolocated Wikipedia articles [67], Facebook data [68,
69], land cover data [70], and Open Street Maps data [40, 71]. Although these
methods are interesting, the scope of this dissertation is constrained to satellite

images, as discussed further in Chapter 4.

3.4. Beyond Poverty

A primary focus of existing research in the field has been on measuring one or two
economic indicators from satellite imagery, such as GDP per capita, asset wealth,
and consumption expenditure [27, 38, 47, 55, 56]. In these cases, there is often a
claim of measuring “poverty”, which is problematic, given the nuances in defining
poverty, as described in Section 3.3.1. Nonetheless, while measuring economic
indicators from remotely sensed data provides valuable insights, quality of life
encompasses multiple dimensions beyond material wealth. Some prior research into
measuring composite indices beyond poverty has been undertaken, as discussed
below. However, this research is limited, providing opportunities to consider

multidimensional quality of life measurement from remotely sensed data.
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3.4.1 MOSAIKS: Generalising Feature Extraction

To generalise beyond poverty, Rolf et al. [72] considers a novel approach to feature
extraction from daytime satellite images. Specifically, they designed Multi-task
Observation using Satellite Imagery and Kitchen Sinks (MOSAIKS)—a method of
extracting random convolutional features from satellite images. These features are
task agnostic and can be used to train a regression for various outcomes. This is a
big step forward in reducing computing requirements for training a deep learning
model to detect objects or extract features based on the specific target variable.
The approach has been shown to estimate nighttime lights, household income,

population density, and housing price [72].

However, an important constraint is that MOSAIKS is trained once off on a single
set of satellite images out of which the features are used across different timings [72].
In other words, the time of the features (2019 for the original paper) might not
match the times of the actual target. Retraining could be undertaken but at a

similar cost to training other more traditional deep learning models [72].
3.4.2 Indicators of Human Development

One extension of MOSAIKS is an application to estimating a global map of HDI [73].
However, at the time of writing, the research is in a working paper format and has
not been peer-reviewed to the author’s knowledge. Additionally, the working paper
relies on the 2019 MOSAIKS features and does not retrain the feature extraction

on new satellite images [73].

An alternative approach to measuring multidimensional human development from
satellite images attempts to apply transfer learning methods with nighttime light
data to estimating a range of indicators in the DHS surveys [42]. Although economic
indicators were consistently predictable, most other indicators that would contribute

to multidimensional quality of life were found to perform poorly [42].
3.4.3 Inequality

Similar research has been conducted in the United Kingdom, where multiple
socioeconomic outcomes were estimated from the same dataset and algorithm [44,

74]. This allowed for comparisons between various outcomes within the same spatial
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and temporal resolution. However, in Suel et al.‘s research [44, 74|, socioeconomic
data for training the machine learning model was more readily available for the
indicators estimated at a granular spatial resolution. Access to granular spatial

micro-estimate data is a constraint in South Africa and many other LMICs.

The author has explored analogous preliminary work into visualising inequality
by mapping street names based on country of origin [75]. However, the goals in
that work were not to measure proxies of inequality. Instead, the approach aimed
to uncover patterns in the identity of places and how those patterns correlate to

population density and average income.

3.5. Research Gaps and Opportunities

In reviewing the existing literature, several research gaps and opportunities are
identified. These gaps highlight the limitations of prior work and pave the way for

contributions to research in the field in the context of Gauteng, South Africa.
3.5.1 Gap Analysis in Existing Literature

e Limited Focus on Multidimensional Quality of Life: Most prior
research concentrates on economic indicators such as GDP and income, with
limited attention paid to multidimensional aspects of quality of life that

encompass health, education, and environmental factors.

e Uniform Socioeconomic Landscapes: Prior studies have focused on rel-
atively uniform socioeconomic landscapes, including either developed regions
like the United Kingdom or the United States of America, or rural developing
regions (e.g. Burundi or Rwanda) [27, 44, 56]. There is limited research in

more complex and unequal urban landscapes like Gauteng, South Africa.

e Over-reliance on Nighttime Light Data: The predominant use of night-
time light data as a proxy for economic activity may overlook other relevant

features available in daytime satellite images.

e Limited Integration of Local Surveys and Data Sources: Current
methodologies primarily use large-scale surveys such as DHS, which may not
fully capture localised or niche socioeconomic variables pertinent to specific

communities or regions.
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« Temporal Constraints: Most studies provide static snapshots of economic
indicators, neglecting the dynamic nature of socioeconomic changes over
time, which is crucial for understanding trends and the impact of policy

interventions.

3.6. Chapter Summary

This literature review has examined the emerging field of measuring quality of
life and socioeconomic indicators from satellite images using machine learning ap-
proaches. The review highlights how research has progressed from early correlations
between nighttime lights and GDP to more sophisticated methods including transfer
learning, object detection, and multimodal approaches incorporating additional

data sources.

While significant work has been done in mapping economic activity, asset wealth,
and consumption expenditure, the dominant focus on these indicators allows room to
explore measuring multidimensional aspects of quality of life instead. Furthermore,
by exploring this research in Gauteng, South Africa, an opportunity arises to probe

the boundaries of existing machine learning methods in localised contexts.

The continued contribution to research in this domain has significant implications for
policymaking and development in both local and global contexts. Exploring novel
methods of measuring quality of life tests the possibilities of moving beyond costly
traditional data collection methods. In developing regions, this could empower

governments to rapidly monitor and rollout meaningful change for citizens.



4 Research Methods

This chapter describes the methods and experiment setup used to evaluate the
question: “how well can a machine learning model estimate a quality of life index
from satellite images in Gauteng, South Africa?” The chapter begins with a brief
discussion of the overarching approach taken, the scope of research, assumptions,
and constraints. Thereafter, the methods for producing results are described. This
includes details of the collection and processing of data, the specifications of the
design and training of the machine learning model, and the methods and metrics
used to evaluate the machine learning model. Finally, the chapter describes the

system environment and tools used to execute these methods.

4.1. Research Approach and Methodology

This study primarily follows a quantitative research approach. Data is collected
and processed systematically from verified data sources. Modifications to the data
are documented in the codebase and version control is used for code, data, and
results [76]. The model and experiments are designed to be reproducible. Numerical

and statistical results are collected and compared to answer the research question.

To complete this research in good time, an adapted agile methodology is used.
Agile is a set of principles guiding modern software development that prioritises
functional software over comprehensive documentation, collaboration over processes
and tools, and responsiveness to changing requirements over a rigid plan [77]. In
this context , functionality is analogous to producing reproducible and valid results.
Additionally, collaboration has driven meaningful progress and learning through
the course of the research. As with any research project, responding and adapting

to change is a critical practice to complete the work required.

26
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4.1.1 Ethical Considerations

There are several ethical aspects to consider when using human survey data and

satellite images for the purposes of improving understanding of quality of life.

First, there is a risk of human survey data revealing personal and private information
about individual and household social and economic conditions. However, in this
case, the original data source is anonymised by the publisher such that all directly
personal identifying information is removed. Additionally, the survey data does not
reveal exact survey locations. Instead, survey responses are only spatially identified
by a ward code corresponding to the ward in which the response is collected. This
means that the lowest level by which one can locate survey responses is at the
ward-level, the smallest of which can be seen in Figure 4.1 with an area of 0.227 km?.
Reverse engineering survey responses to specific individuals or households within
a ward remains a difficult task, even in a ward of this size. In fact, there would
be higher risk of identifying survey response in wards with low population density,
where households are far and few between. Nonetheless, by removing individual
identifying information from the survey data, survey data publishers ensure that
collected data does not reveal personal private information about individuals or

specific households.

Second, a trade-off exists between the ethics of using satellite image data and the
benefits that these use cases may bring to society. Applications using satellite
image data may infringe on the privacy of individuals and groups depending on
the spatial resolution and frequency of image capture [78, 79]. Currently, available
satellite image data is not of a high enough resolution to identify individuals [80].
However, identifying information about households or groups of people can be
extracted from satellite image data. This information could be used to discriminate

against individuals or groups of people.

Legislation for collecting satellite image data is typically handled by national
governments and are not consistent across countries [79, 81]. Obtaining individual
consent for collecting satellite image data is not a legal requirement anywhere in the
world [79]. Thus, visual or inferred information about individuals or communities

that is extracted from satellite image data is not voluntarily disclosed.
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Figure 4.1: Ward 7980059: Spatially the smallest ward in Gauteng.
Image ©2024 Planet Labs PBC.

In the case of this research, understanding the possible solutions for regular, low-cost
estimation of aggregated quality of life from satellite images outweighs the risk of
infringing on individual or group privacy. There are no direct human participants,
obtained human data is anonymised, and individual identifying features from
satellite images are not extracted. The satellite image data is used as an input for

estimating quality of life, but no action is taken from that estimation.

This research is categorised as a "no risk" project according to the risk table
in Appendix B. The University of the Witwatersrand’s Human Research Ethics
Committee reviewed this categorisation and granted an ethics waiver for the
research (see Appendix B). Additional ethical analysis is required if the results of

this research is used to take action (e.g. target aid) in particular regions.

4.2. Scope of Research

Based on the identified gaps in the literature, the research scope is narrowed to
designing a machine learning model that predicts a specific quality of life index from
satellite images in Gauteng, South Africa. The scope is reflected in the research

question: “how well can a machine learning model estimate a quality of life index
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from satellite images in Gauteng, South Africa?” The primary hypothesis is that
some correlation exists between the selected GCRO QoL index and visual features

in satellite images.
4.2.1 Assumptions

Several assumptions are made that underpin the conducted research. These as-
sumptions influence various decision points in the research, and thus, are important
to highlight.

First, it is assumed that unsupervised computer vision algorithms can identify
patterns in satellite images that meaningfully correlate with quality of life, without
being explicitly trained on target features. This is similar to a human’s interpreta-
tion of an image where one might not explicitly identify all the factors observed,
but characteristics of an image are extracted. For example, in a satellite image
with roads and greenery (see Figure 4.2), human observation can pick out roads,
greenery, and buildings, without explicit labelling. The assumption is that a
machine learning model can extract this kind of relevant information, without
explicitly being trained to do so. The assumption is based on previous methods,
which have shown that machine learning models can extract features relevant to a

target indicator, without supervised training of what features to look for.

A related assumption is that there is sufficient information contained in the visual
spectrum of a satellite image to discover relevant patterns that correlate to quality
of life. This assumption is based on the premise that satellite images have visual
features that correlate to economic wellbeing, as found in prior literature (Chapter 3).
Therefore, satellite images should have at least some visual information that
correlate to multidimensional quality of life, which incorporates aspects of economic

wellbeing.

Although quality of life and visual features being correlated is assumed, there is
an expected limitation of the extent to which visual features can describe multidi-
mensional quality of life. Some critical factors, such as social cohesion, happiness,
and education may not be directly observable from visual information about a
place. The extent to which these factors may affect quality of life measurement

from satellite images is a complementary question to the research conducted.
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Figure 4.2: An example of a satellite image with various features visible
to the human eye. Image ©2024 Planet Labs PBC.

4.2.2 Constraints

A constraint on the machine learning methods applied is imposed to ensure the
research scope is limited. Specifically, the conducted research applies machine
learning methods, rather than designing entirely novel methods for predicting
quality of life. Therefore, the research is focused on the intersection of quality of

life measurement from satellite images with existing machine learning methods.

Additionally, the research is constrained by the data available. For example, the
satellite images available have a predetermined spatial resolution that enforces the
lowest level of detail visible per pixel. Similarly, the GCRO QoL index is provided
per individual response, but spatially, the lowest administrative region that this

can be mapped to is the ward-level, based on the data available.

A noted practical constraint is time and resources. The research is conducted part-
time and is required to be completed within a maximum of three years. A limited
number of methods and datasets can be experimented with during this period.

Additionally, a single researcher is assigned to this work, which also limits the
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scope of experimentation. Alternatives seen in prior work, such as outsourcing of
specific components (e.g. labelling/algorithm design) or a research group dedicated
to components of the overarching problem, is either not permitted or not feasible

in the research context.

4.3. Methods Overview

A machine learning model is designed to estimate the GCRO QoL index given a

satellite image. Figure 4.3 illustrates an overview of the pipeline.

Two key datasets are required: the GCRO QoL survey data [82, 83] and daytime
satellite image data obtained from Planet [84]. To collate these two datasets,
geographic data mapping ward boundaries in Gauteng is required. This geographic
data is obtained in shapefile format from the South African Municipal Demarcation
Board (MDB) [85]. The three datasets are processed independently and then
combined into a new dataset that includes satellite image tiles for each ward with
the corresponding GCRO QoL index for that ward.

The combination dataset is split into training, and test sets, as is the standard
for machine learning pipelines. This is an important step to mitigate the risk
of overfitting the data during training. A pre-trained machine learning model is
fine-tuned to extract features from the satellite image tiles. The output feature
vectors are passed directly into a fully-connected Dense Layer to estimate the

GCRO QoL index for the corresponding satellite image tile.

Experiments are run with the machine learning model under different conditions
and evaluated using k-fold cross-validation. Mean Squared Error (MSE), Mean
Absolute Error (MAE), and the Coefficient of Determination (r?) are consistently
collected for each experiment to produce results. Specifically, the MSE in this
end-to-end machine learning pipeline is used as the loss function for training. The
r? value on a hold-out test set is used to compare to baseline metrics identified in

previous work.

The code used to execute these methods and reproduce results is available [76].
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4.4. Input Data
Three third-party data sources are relied on for the machine learning methods.
4.4.1 GCRO QoL Survey Data

The GCRO QoL survey data [10] is selected as the ground-truth data source for
training and validation of the machine learning pipeline. This data provides
a composite GCRO QoL index that summarises 33 variables across different
components, including socioeconomic status, services, health, safety, participation,
life satisfaction, and government satisfaction [12]. These subcomponents and the
final weighted GCRO QoL index are provided in the datasets made available by
the GCRO [10]. In the subsequent data processing and training, the pre-calculated
GCRO QoL index is used as the selected target variable.

The GCRO makes their data available for public use via the DataFirst platform.
To download data from the DataFirst platform, one has to be registered with
the platform, and a reason for use must be provided before the dataset can be
downloaded. The GCRO QoL survey data is downloaded in DTA format for Round
5 (2017-2018) [82] and Round 6 (2020-2021) [83]. These surveys are selected due
to sharing the same GCRO QoL index methodology [10, 12].

4.4.2 Municipal Demarcation Board Ward Boundary Data

The MDB provides public geographic data in shapefile format that includes the
different administrative boundaries (ward, municipal, and provincial) across South
Africa. In this research, the 2016 demarcations are used, because these were
the boundaries in place at the time of the selected 2017/18 and 2020/21 GCRO
QoL surveys [86]. The shapefile data can be downloaded directly from the MDB
website [86].

4.4.3 Planet: Satellite Image Data

Critical to this research is satellite image data matching the two GCRO QoL
surveys. Daytime satellite images of Gauteng are obtained from Planet, a private
satellite image data provider, under their Education and Research programme [84].
This programme makes available a limited amount of satellite data per month at

no cost to individual students and academics.
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Two different satellite image data products from Planet are considered for this
research: Planet Monitoring and Planet Basemaps [84]. Planet Monitoring delivers
high frequency satellite image data. However, a substantial amount of data
processing would be required to obtain cloudless, normalised satellite image data
covering the entire region of Gauteng, South Africa during the corresponding time
periods of the GCRO data. The Planet Basemaps product offers these requirements
out the box with limited additional processing required. Specifically, the Basemaps
product makes composited satellite image data available on a monthly, quarterly,
and annual basis for the entire planet. This data has been pre-processed by the
company to deliver normalised image data with satellite data merged over the

relevant period to select the least noisy pixels.

The Basemap Application Programming Interface (API) provides data from Plan-
etScope/RapidEye satellites. These capture images of the earth with a resolution
of between 3 and 4.5 metres per pixel. The images available are divided into a grid,
where each grid cell - a Basemap Quad - is 4096 x 4096 pixels. To select relevant
Basemap Quads for the two GCRO QoL datasets, additional data processing is

performed as described in 4.5.4.

4.5. Data Processing

Once the input data is downloaded, several processing steps are followed to ensure
the data is in a suitable format for training the machine learning model. Note that
the GCRO QoL and the MDB data do not have any dependencies. However, the
Planet data requires spatial and time-based parameters that are obtained from the

independent datasets. This is documented below.
4.5.1 Quality of Life Data

Each GCRO QoL survey dataset is processed to obtain a mean interview date. The
dataset is ingested with pandas [87] and the in-built function for calculating mean
is applied to the interview date column. This mean interview date is used to inform
the time range in which to select satellite image Basemap Quads from Planet.
Given that changes over time are not a primary consideration of this research, a

single date period in which to obtain satellite data simplified the design.
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4.5.2 Ward Boundary Data
The MDB data is processed independently of the GCRO data. Using geopandas [88],

the shapefile for the administrative boundaries of South Africa is filtered down to
extract Gauteng wards boundaries. Additionally, an available dissolve function is
used to extract the Gauteng provincial boundary, which is required to retrieve the

correct spatially located satellite image Basemap Quads from Planet.
4.5.3 Clustering Quality of Life Data

Each GCRO QoL survey contains thousands of interview records collected across
Gauteng. To use this data for training, the survey data is summarised at the ward
level. There are 529 wards in Gauteng and each response in the survey data has a
ward number assigned. Using pandas [87], the GCRO QoL survey data is grouped
by ward and survey year (2017/18 and 2020/21) and the average GCRO QoL index
for that ward and survey is obtained using in-built pandas functions. The resulting

dataset contains 1058 records or clusters.

For each cluster, the corresponding bounding polygon from the processed MDB
ward boundary data is appended. In this case, geopandas [88] is used to ingest and
filter intermediate Gauteng shapefile and to create a new GeoDataFrame object

that includes the cluster and its boundary.

It should be noted that the aggregation of the GCRO QoL survey data is performed
using simple arithmetic means without applying the survey weights provided with
the dataset. The GCRO provides weights to ensure representative estimates when
aggregating survey responses, as the sampling design employs stratification and
clustering that requires weighting adjustments for unbiased population estimates.
Excluding the weights during clustering represents a methodological limitation of
the current analysis that may have introduced bias in the ward-level quality of life

estimates used as target variables for the machine learning model.
4.5.4 Downloading Correct Planet Data

With the processing the survey and MDB data complete, the mean interview date
and Gauteng spatial boundaries are used to select the correct Basemap Quads from

Planet. For each of the two GCRO QoL surveys, a query is run via the Planet
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Basemap web user interface to find Basemap Quads within or overlapping with
the Gauteng boundary. Additionally, the Basemap Quad query includes a filter for
the month of the average date of the corresponding survey. The identifiers of the
resultant Basemap Quads are saved and stored in the codebase, and the Planet
API is used to download the exact Basemap Quad satellite images in GeoTIFF

format via a series of HT'TP requests.
4.5.5 Tiling Satellite Image Data

The satellite image Basemap Quads are further divided into tiles with a crop size
of 256 x 256 pixels for processing during training, validation, and testing. The tile
size is set by a parameter in the pipeline and therefore, different tile sizes can be

experimented with.

To tile the GeoTIFF images, the windows module from rasterio [89] is used. A grid
with cells of dimensions x x x pixels - where x is the parameterised tile size - is
used to iterate across the full Basemap Quad. The value of x must be a divisor of
4096 - the maximum width of the square Basemap Quad. For each grid cell in the
grid, the corresponding portion of the Basemap Quad corresponding is saved as a

standalone image tile.
4.5.6 Matching Clustered Socioeconomic Data to Satellite Image Data

The final data processing requires satellite image tiles to be matched to their
corresponding ward data. A spatial join is performed using geopandas [88] on the
physical coordinates of the tile bounding box and the clustered GCRO QoL data.

The final dataset contains records with the following features:
o A satellite image tile file name,
e The ward code to which the tile belongs,
e The GCRO QoL index for the tile based on the ward, and
e The survey year matching the tile and index.

Importantly, this dataset contains duplicate tiles because there are tiles that overlap

ward boundaries and therefore belong to two wards.
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4.5.7 Training and Validation Data Split

In preparation for training, the matched dataset of satellite image tiles with
corresponding GCRO QoL values is divided into five folds or subsets. This is
to allow for k-fold cross-validation, which is a useful technique for data limited
machine learning pipelines. The dataset is partitioned into k equal subsets, where
each subset serves as a testing set once while the remaining k£ — 1 subsets form the
training data, with the final performance being the average across all k iterations.

Given that there are only 529 unique wards, this is a suitable approach to take.

Additionally, the folds are grouped spatially so that satellite image tiles from the
same ward do not appear in different folds. To address the duplication challenge
described previously, overlapping tiles are dropped. These two steps are intended
to mitigate spatial autocorrelation - the tendency for nearby locations to have
similar characteristics. This is a key challenge in satellite image machine learning
tasks where spatial information can cause biases in the model if there is “leakage”
between training, validation, and test sets [90]. In other words, if training and
test data contain spatially adjacent areas, the model may learn location-specific
patterns rather than generalisable features, leading to overly optimistic performance

estimates.

4.6. Machine Learning Model

The overarching machine learning approach relies on two steps: feature extraction
from the satellite images and a regression model to predict the GCRO QoL index.
This two-stage approach is common in remote sensing applications where visual
features must be transformed into meaningful representations before being used for

prediction tasks. Refer to Figure 4.3 for a high-level overview of the model.
4.6.1 Feature Extraction

A CNN is selected as the base model for extracting features from satellite image tiles.
Specifically, a ResNet-50 architecture is selected with pre-trained ImageNet Weights.
ResNet-50 is chosen for several reasons. First, its Deep Residual Architecture allows
for effective learning of complex visual patterns in satellite images while mitigating

the vanishing gradient problem through skip connections [41, 56]. Second, based
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on prior literature, pre-training on ImageNet provides a strong initialisation for
transfer learning in poverty mapping, even though satellite imagery differs from

natural images [27, 51, 56].

Typically, the ResNet architecture is used in classification tasks. Given that this
research is a regression task, the top layer (fully connected classification layer) is
removed so that the output of the feature extraction step is a 2048-dimensional
feature vector representing the visual features identified by the neural network from

the input image.

The base model is fine-tuned using the GCRO QoL training data as target labels
for each input tile. This allows the model to adapt to the specific characteristics of
the local satellite images while retaining the general feature detection capabilities

learned from ImageNet.
4.6.2 Regression

After extracting features from satellite images, a standard approach is to train a
regression model to predict the target variable from the extracted features. This
approach allows for more complex relationships to be captured between extracted

features and the target variable.

In the case of the conducted research, the decision is taken to attempt to regression
with the CNN architecture alone. A fully connected Dense Layer with a Sigmoid

Activation is selected.

4.7. Training

Compilation and training of the machine learning model relies on Tensorflow [91].
The ResNet-50 model is loaded with pre-trained ImageNet Weights. k-fold cross-
validation is then used to fine-tune the model using each fold’s training set with
input satellite image tiles and corresponding GCRO QoL target values. The

following configuration is used:
« Batch Size: 32.
o Optimiser: Adam Optimizer with an initial learning rate of le-3.

« Early Stopping: Training terminates if validation loss does not improve for
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ten consecutive epochs.

« Data Augmentation: Random horizontal and vertical flips to reduce overfitting

risks.

Each fold’s training process is monitored using the corresponding validation set
to prevent overfitting, with MSE as the loss used to evaluate each training epoch.
Once the full k-fold cross-validation has run, the best performing model is selected

for final evaluation based on MSE.

4.8. Final Model Evaluation

The final model is evaluated using r2. This indicates the proportion of variance
in the predicted GCRO QoL index explained by the model. This is visualised by
plotting actual GCRO QoL index value against their predicted value.

The model is evaluated based on the corresponding fold’s hold-out test set. An
analysis of all test tiles is conducted as well as a comparison of ward-level predictions

which rely on averaging all tile predictions in a ward.

Additionally, qualitative evaluation is conducted by visualising activation maps
from the ResNet-50 model to understand the aspects of the satellite images (e.g.,
building density, vegetation, road networks) the model “focuses” on when making
predictions. This provides an initial look at the interpretability of the model and

the relationship between visual features and socioeconomic indicators.

4.9. System Environment and Tools

This section documents the specific hardware and software specifications used to
process data and train the deep learning model. Additional details are available in
the Github repository [76].

4.9.1 Hardware Specifications

Model training is performed on a high-performance computing cluster equipped
with a NVIDIA GeForce RTX 4090 GPU with 128 GB of VRAM. At least 100 GB

of storage space is recommended.



4.10. CHAPTER SUMMARY 40

4.9.2 Software Specifications

The machine learning pipeline is implemented using the following key software

libraries:
 Python 3.10 [92]
o TensorFlow 2.18 [91]
 Rasterio 1.3 [89]
« Pandas 2.0 [87]
« GeoPandas 0.14 [88]

« Matplotlib 3.8 [93]
4.9.3 Development and Deployment Tools

The research implementation employs several tools to support reproducibility and

code tracking:
o Git for version control of code and documentation
o GitHub for repository hosting and collaboration

« Data Version Control (DVC) for tracking large datasets and model arti-
facts [94]

o Poetry for dependency management and creating isolated virtual environ-

ments [95]
o Jupyter Notebooks for exploratory data analysis and result visualisation

o ArcGIS for spatial data exploration and analysis

4.10. Chapter Summary
This chapter has presented the applied methods for predicting the GCRO QoL

index from satellite images in Gauteng, South Africa. The selected approach tests
feature extraction and regression of the target index using only satellite images in
the visual spectrum and a CNN. The results of these methods are documented in

the next chapter.



5 Results

This chapter presents the results of the methods applied as documented in Chapter 4.
The results are organised into three key sections: understanding the input data,
intermediate outputs of data processing, and the outcomes of the machine learning
models used to measure the GCRO QoL index in Gauteng, South Africa.

5.1. Understanding the Input Data

Samples of input data are presented below. The full datasets are available for

download from the relevant data sources.
5.1.1 Planet Satellite Basemap Quads

Figure 5.1 shows an example of the Basemap Quads available from Planet. These
Basemap Quads are 4096 x 4096 pixels. The displayed Basemap Quad is from
April 2018, the average month for the GCRO QoL survey Round 5 (2017/18).

5.1.2 MDB Ward Boundary Data
Figure 5.2 displays the MDB data for 2016. This provides ward boundaries for the

entire area of South Africa.
5.1.3 Quality of Life Data

Figure 5.3 illustrates the different data source choices available in a South African
context with their corresponding sample sizes specifically for Gauteng. The 2016
USAID DHS survey has the lowest sample size, at only approximately 2500 records.
The General Household Surveys (GHS) are a series of surveys conducted by Stats
SA, and also have relatively low sample sizes. In comparison, the GCRO QoL
Surveys have much higher sample sizes with both 2018 and 2021 including over
10,000 records.

41
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Figure 5.1: A sample Basemap Quad from Planet in April 2018 - the
average month for the GCRO QoL survey Round 5 (2017/18) [84]. Image
©2024 Planet Labs PBC.

Figure 5.2: Map of raw South African MDB data for 2016
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Figure 5.3: Comparison of sample sizes in Gauteng for different surveys
over different years: DHS , GHS, and GCRO QoL

Statistical summaries of the 2018 and 2021 GCRO QoL surveys are presented in
Tables 5.1 and 5.2.

Table 5.1: Statistical Summary of 2017/18 GCRO QoL Index Data

5.2. Intermediate Outputs of Data Processing

Statistic Interview Date QoL Index

Count
Mean
Min
25%
50%
5%
Max
Std Dev

24,889
2018-04-10
2017-10-31
2018-02-07
2018-05-03
2018-06-16
2018-09-07

N/A

24,889
63.797958
11.7711
56.9283
64.7718
71.9428
96.1394
12.0369

Intermediate outputs are obtained from processing the input data, as described in

Chapter 4.5.
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Table 5.2: Statistical Summary of 2020/21 GCRO QoL Index Data

Statistic Interview Date QoL Index

Count 13,616 13,616
Mean 2021-01-12 61.3763
Min 2020-10-06 15.1310
25% 2020-11-15 54.3398
50% 2021-01-16 62.2891
75% 2021-03-01 69.7130
Max 2021-05-27 94.1068
Std Dev N/A 12.0167

5.2.1 Satellite Image Tiles

Satellite image tiles are obtained by processing the Basemap Quads into smaller
chunks of 256 x 256 pixels. A sample tile is displayed in Figure 5.4. This is one of

the outputs of processing the previously shown Basemap Quad in Figure 5.1.

Figure 5.4: A sample tile extracted from a downloaded Planet Basemap
Quad from April 2018. Satellite Image ©2024 Planet Labs PBC
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5.2.2 Extracted Gauteng Ward and Provincial Boundaries

The output of processing the MDB shapefile to extract all wards in Gauteng is
displayed in Figure 5.5a. The outline of the province in Figure 5.5b is important

for identifying Basemap Quads to download from Planet.

(a) Gauteng wards (b) Gauteng boundary

Figure 5.5: Maps of processed South African MDB data for 2016

5.2.3 Matched spatial and survey data

The outputs of matching the clustered GCRO QoL index data to the corresponding
wards are displayed in Figure 5.6.

As described in Chapter 4.5, satellite image tiles that overlap multiple wards are
discarded to avoid spatial auto-correlation errors during training. This results in

the final mapped areas as illustrated in Figure 5.7.

5.3. Machine Learning Model Outputs

The machine learning model outputs are displayed in this section. Results are

selected based on relevant discussion points in the following chapter.
5.3.1 Actual vs Predicted Values Test Set

The standalone test set is used to evaluate the final selected model. The test set is

not used in the training or validation of the model.
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Figure 5.6: Chloropleth maps of the 2017/18 and 2020/21 GCRO QoL
Index aggregated at the ward level
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Figure 5.7: Chloropleth maps of the 2017/18 and 2020/21 GCRO QoL
Index aggregated at the ward level with tiles overlapping ward boundaries
removed from the dataset
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When grouped by date and ward (see Figure 5.8), r? for this result is negative

indicating a model that performs worse than predicting the sample mean.
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Figure 5.8: Actual vs predicted GCRO QoL Index values for 2018 and
2021 data grouped by ward

Figure 5.9 presents maps comparing actual and predicted GCRO QoL Index values

for wards.
5.3.2 Activation Maps of Neural Network

The output of the different layers of the neural network is seen in Figure 5.10. The
selected sample satellite tiles are from the test set and illustrate how features of

different urban contexts are extracted at different convolutional layers.

5.4. Summary

This chapter has presented the results obtained from different stages in the machine
learning pipeline. These results will be interpreted in the following chapter to draw

a conclusion to the research question posed.
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(a) Maps of actual and predicted GCRO QoL Index values for all wards
in 2018

(b) Maps of actual and predicted GCRO QoL Index values for all wards
in 2021

Figure 5.9: Maps of actual and predicted GCRO QoL Index values for
2018 and 2021
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6 Discussion

Envision a future in which data about the quality of people’s lives, in cities and
rural communities alike, is continuously updated and used in decision-making to
meaningfully improve livelihoods. Making this future a reality requires frequent,
reliable, accurate, low-cost multidimensional quality of life data that could be

synthesised from readily available big data sources, like satellite images.

To contribute to this vision, the conducted research asks: “how well can a machine
learning model estimate a quality of life index from satellite images in Gauteng,
South Africa?” Specifically, the GCRO QoL index in Gauteng, South Africa is
predicted from satellite images using the data processing and machine learning
methods described in Chapter 4. Based on the results obtained, the research
question can be answered as follows: the machine learning model cannot reliably
estimate the GCRO Quality of Life Index/Survey/Dataset (GCRO QoL) index
from satellite images in Gauteng, South Africa. With negative r? values, the
model performed worse than baseline predictions, demonstrating no meaningful
correlation between satellite imagery features and the selected multidimensional

quality of life index.

The hypothesis of the research is that there would be, at minimum, a baseline
correlation between visual satellite image features and the selected GCRO QoL
index. A null hypothesis is concluded. The causes of this finding appear to stem from
three key factors, and likely, the interaction between them. First, the complexity of
quality of life as a multidimensional measure encompassing both quantitative and
subjective aspects of human wellbeing proves difficult to capture through visual

satellite data alone. Second, the designed model extracts features from daytime

20
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satellite images without supervision, which proves to be ineffective. Finally, the
findings suggest that methods developed primarily for poverty mapping, do not
transfer well to multidimensional quality of life measurement in South Africa’s
unique socioeconomic context, especially in a highly unequal urban landscape such

as Gauteng.

The remainder of this chapter delves into each of these themes, with a discussion
and analysis of the research methods and results. The impact of these findings on

the research outcomes is reviewed and opportunities for future work are proposed.

6.1. Summary of Results

Before unpacking the null hypothesis conclusion, this section summarises the results

and provides an interpretation of what is observed.

In Figure 5.8, scatter plots of target and predicted values for the 2018 and 2021
GCRO QoL index are shown. In both cases, there is no definitive correlation
between predicted and target values and a negative r? is reported. As seen in
Figure 5.9, the model’s predictions are fairly homogeneous across the map, differing

from the variations seen in the actual GCRO QoL index values per year.

Similarly, in the mapping of this same data, one observes that the predicted values
are relatively uniform compared to the input data. This suggests that no meaningful
patterns are discovered in the satellite image data with respect to the selected
GCRO QoL index. Further discussion on why this might be the case is provided

below.

6.2. Complexity of Quality of Life as a Multidimensional
Measure

Quality of life is a complex, multidimensional concept that is challenging to measure
and quantify in ordinary socioeconomic development studies. The GCRO QoL
index incorporates various objective and subjective factors that influence quality of
life. Despite this complexity, the assumption of this research was that it would be
possible to predict the index, at least to some extent, from satellite images. In the

case of the methods applied, this assumption has proven to not hold true.
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Based on analysis of the results and similar work in the field, a primary conclusion is
that quality of life’s subjective variables significantly affect the model’s performance.
The expectation was that certain tangible features like roofing or dwelling type
would counter some subjective measures in the multidimensional, GCRO QoL index.
Further investigation is required to better understand, which specific variables may
reduce performance and if any of the objective measures of the GCRO QoL index
can be estimated reliably from satellite images using the same machine learning
methods.

6.2.1 Decision to Use GCRO QoL Index

The choice to predict the composite GCRO QoL index, rather than individual
variables or dimensions, reflects different considerations and decision points during
the course of this research. A brief reflection on the reasoning for selecting this

dataset is presented below.

At a high-level, the GCRO QoL surveys has higher sample sizes. Figure 5.3
illustrates a comparison in survey counts between different survey sets and different
years. The DHS survey is of interest, given its wide use in the domain of measuring
development indicators from satellite images. However, in a South African context,
the last survey was released in 2016 and had less than 5000 household records. In
comparison, the 2020/21 and 2017/18 GCRO QoL surveys had over 10,000 and
20,000 survey responses respectively in a much smaller spatial area 5.3. Through
this lens, the GCRO QoL datasets are a good choice given the increased amount of
data. That being said, when the GCRO data is clustered, it only has 529 records.
This is a trade-off where locally relevant data is prioritised. Additionally, a primary
intention of this research is to understand how existing methods apply to a local
context. For this reason, the GCRO QoL index is well-suited for the research at

hand as well, in spite of also being a good practical choice.
Why not individual GCRO QoL variables?

The GCRO dataset includes individual variables across seven dimensions that feed
into the GCRO QoL composite index. Using the available individual dimensions as
target variables might have yielded better predictive performance, particularly for

objective measures like infrastructure access that are expected to correlate more
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obviously with visual features. However, the composite index was intentionally

chosen for several reasons.

First, the GCRO QoL index aligns with the research goal of understanding satellite
imagery’s potential for measuring locally relevant, multidimensional quality of
life. Testing this boundary seemed more valuable than optimising performance
on individual dimensions that might not reflect the complexity of quality of life

measurement in practice.

Second, the GCRO QoL index represents a sophisticated, locally-derived measure.
Unlike international indices that impose predetermined frameworks developed in
the Global North [12], this index emerges from factor analysis of South African
data, allowing local conditions to shape its construction. The resulting seven-
factor model incorporates both objective indicators (housing, services, employment)
and subjective measures (life satisfaction, government satisfaction) tailored to the

Gauteng context.

Third, the composite index provides a more rigorous test of satellite imagery’s
capabilities. Individual objective dimensions might correlate predictably with visual
features, but a validated multidimensional index incorporating subjective wellbeing
represents the kind of complex measure most valuable for policy applications. If
satellite imagery could estimate such an index, it would demonstrate genuine

potential for complementing traditional survey methods.

Finally, practical constraints influenced this approach. The research was designed
to start with the GCRO QoL index and then further explore individual dimensions
if results indicated poor performance. This would be valuable in identifying specific
variables impacting model performance. However, time constraints prevented
extending the investigation to individual factors, creating an opportunity for future

work.

6.3. Ineffectiveness of Unsupervised Feature Extraction from
Daytime Satellite Images

The second core theme believed to underpin the poor performance of the machine

learning model is the selected feature extraction techniques applied, along with how
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these features are used. Specifically, a decision is taken to apply an unsupervised
learning approach for extracting features from satellite images, and the finding is

that these features are not sufficiently correlated to quality of life alone.
6.3.1 Possible Flaw?

Although quality of life is a complex metric, its complexity alone cannot explain
why there is such limited correlation between satellite image inputs and outputs.
Evidence supporting this is observed in parallel experiments where other sub-
indexes from the GCRO QoL data that contribute to quality of life are also not
correlated to input satellite images. Specifically, economic indicators like wealth or
income, which are included in the GCRO surveys, have no improved performance

when trying to extract these products from satellite images.

A possible flaw in the machine learning approach is that multiple image tiles are
used to train for the same ward and the same GCRO QoL index. This means that
in the case that a single ward has high visual feature disparities (e.g. a golf course
next to a township), significant noise is likely introduced into the model training.
The feature representations are vastly different and yet, the GCRO QoL index is

the same.

To resolve this, future work should consider selecting only one tile per ward or
a more complex regression model could be considered as described in the next
subsection. Additionally, there could be value in further investigation into whether
model performance varies across different regions or ward types, particularly in

more socioeconomically homogeneous areas.
6.3.2 Extracted Features used for Regression

Apart from the feature extraction method, the approach for correlating these
features with the GCRO QoL index is constrained. By using a Dense Layer
as the regression step, more complicated and nuanced patterns in the data are
likely undetectable. A prime opportunity for future work is exploring alternative
regression models that can be used on the extracted features. In the case of multiple
satellite tiles per ward, features could be extracted for all ward tiles and then this
multidimensional feature representation of a ward could be used in a regression

model (see Figure 6.1 illustrating the proposed solution for such a regression). Key
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in this approach would be considering factors of dimensionality reduction, while
still resolving the initial questions of the appropriateness of the applied feature

extraction methods.
6.3.3 Interpretability

When it comes to feature extraction from satellite images using an unsupervised
algorithm, interpretability is a major limitation. Future work would require invest-
igating and prioritising interpretability over functionality. In other words, designing
a model that is understandable so that regardless of whether it performs, there are
clear human-interpretable reasons why. In the case of this dissertation, the reasons
for the model not performing are difficult to assess given the type of model that is

applied.
6.3.4 Strengths of Unsupervised Feature Extraction

Despite the critical review of unsupervised approaches to feature extraction, it is
worth noting two strengths. First, the minimal requirement for annotation of data
is a primary benefit in resource constrained environments. Second, the potential to
uncover non-obvious visual patterns that humans might overlook is an interesting
and valuable line of research. Although these strengths did not lend themselves
to the conducted research, the question remains - what can be measured from
satellite images when it comes to quality of life? Unsupervised feature extraction

is a valuable tool for exploring this particular question.

6.4. Lack of Transferability of Poverty Mapping Methods to
South Africa’s Context

The final core theme that emerges, based on the analysis of the results as well as
prior literature, is that machine learning models used for mapping poverty do not
necessarily transfer well to the South African context. One explanation is that the
existing methods have been shown to perform more poorly in indistinguishable
urbanised contexts [96]. Instead, poverty mapping methods, similar to the one
applied in this research, perform better at differentiating wealth between urban

and rural areas.
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Figure 6.1: A proposed solution to training a regression on extracted
features for all satellite image tiles of a ward to predict the ward GCRO

QoL index
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In Gauteng, South Africa, the density of urban landscape is relatively uniform,
while at the same time, the region faces high inequality between different population
groups. A logical conclusion is that the standard methods for poverty mapping from
satellite images may not be well suited to highly unequal areas like Gauteng. It
follows that if wealth is highly unequal and quality of life is highly subjective, that
perhaps these methods would more generally not perform well in highly unequal

contexts.

There is broad scope to explore this further and to investigate the suitability,
transferability, and interpretability of these machine learning methods for complex

socioeconomic development measurement.

6.5. Critical Analysis of Methods

This section discusses some of the technical decision points and their implications
on the findings. Opportunities for future work are concluded from this critical

analysis as well as the discussion above.
6.5.1 Applied Methods

A key assumption was that existing methods would be suitable for this particular
problem if visual features and quality of life are somewhat correlated. This
assumption did not hold. Future work should seek to design novel machine learning
models that solve the particular challenge of measuring quality of life from satellite
images. Bearing in mind that this could limit the work’s relevance in other contexts,
a balance must be struck between a generalised model for estimating particular

indexes, while catering for requirements of fine-tuning for unique local factors.
6.5.2 Data Decisions

Two key data decisions influence results:

1. Using GCRO QoL data with inconsistent ward sizes, chosen for its local

relevance despite potential statistical challenges.

2. Selecting Planet satellite imagery for its high resolution, though future work

might benefit from using free public datasets like Landsat or Sentinel.

There are plenty of opportunities to experiment with alternative datasets or to
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incorporate multimodal data. However, the recommendation is to only action this

once a baseline model exists for measuring quality of life from a single data source.
6.5.3 Pre-trained Weights

Different pre-trained weights are not compared in this study. Future work should
explore alternatives to ImageNet Weights, particularly domain-specific weights like

xView that are designed for satellite imagery applications [97].
6.5.4 Survey Weighting Oversight

A methodological limitation of this research was the failure to apply survey weights
when aggregating individual GCRO QoL responses to the ward level. The GCRO
provides weights designed to account for the complex sampling design (stratification,
clustering, and probability proportional to size selection) and ensure representative
population estimates [10]. By using simple arithmetic means rather than weighted
averages, the ward-level quality of life estimates used as target variables may
be biased and not representative of the true ward populations. This oversight
could significantly impact model performance and the validity of results, as the
fundamental target variable used throughout the analysis may not accurately reflect
ward-level quality of life. Future work should prioritise proper application of survey
weights, requiring recalculation of all ward-level aggregates and rerunning the

analysis pipeline.

6.6. Broader Opportunities for Future Work

Despite the limitations encountered, measuring quality of life with satellite imagery
remains a compelling pursuit, particularly in a South African context. Building on

the discussion above, this section outlines key opportunities for future research.
6.6.1 Refining Approaches to Quality of Life Measurement

Quality of life measurement remains fundamental to effective urban planning and
policy development in South Africa. Understanding multidimensional wellbeing
is critical not only for building infrastructure correctly but also ensuring that
development meets the diverse needs of communities across different regions. While
traditional survey-based methods capture valuable information, complementary

approaches using big data sources like satellite imagery could provide more frequent,
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cost-effective monitoring capabilities to support informed decision-making.

Future work should explore alternative approaches and datasets that might yield
more successful results. This includes investigating different spatial resolutions,
temporal frequencies, and combinations of satellite and additional data sources
that may better capture the nuances of quality of life indicators. Additionally,
exploring how satellite data might supplement rather than replace survey data

could lead to more robust hybrid measurement systems.
6.6.2 Enhancing Model Interpretability and Understanding Limitations

Future work should prioritise interpretability in machine learning approaches to
better understand what specific aspects of satellite images relate (or fail to relate)
to quality of life dimensions. Enhanced interpretability would help identify precisely

what visual features are being captured by machine learning models.

This improved understanding would help establish clearer boundaries regarding what
aspects of quality of life can and cannot be measured from visual features in satellite
imagery. Such knowledge would be invaluable for guiding future research directions
and setting realistic expectations for satellite-based quality of life assessment

methods, especially in real-world environments.

6.6.3 Developing Independent Models of Quality of Life from Satellite

Images

A significant opportunity exists in shifting from “modeling the model” to developing
independent frameworks for understanding quality of life directly from satellite
images. As Alfred Korzybski coined, “the map is not the territory” - survey data
itself is an abstraction of lived experience, and attempting to model this abstraction

introduces compounded complexity and potential error.

Rather than trying to replicate survey results, future research could focus on what
unique quality of life indicators can be directly extracted from visual data. This
approach suggests creating new abstract representations of quality of life that
reflect reality, potentially yielding novel insights into human development patterns

that surveys might miss.
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6.7. Chapter Summary

By pursuing these three interconnected research directions, the field can advance
beyond current limitations while maintaining focus on the ultimate goal: developing
reliable, accessible methods for understanding and improving quality of life across
diverse communities. The next chapter will reflect on the conducted work, the

findings, the opportunities for future work, and conclude the dissertation.



7 Conclusion

This dissertation has described the research conducted to answer the question:
“how well can a machine learning model estimate a quality of life index from satellite
images in Gauteng, South Africa?” The conclusion is that the applied methods
are not well-suited to the task of measuring the GCRO QoL index from daytime

satellite images.
The key findings are as follows:

1. A multidimensional, composite quality of life index, when aggregated to
the ward level, does not have trivial features correlated to visual spectrum

satellite images.

2. Unsupervised feature extraction from daytime satellite images is not an

appropriate method for this particular task.

3. Adapting previous methods used for mapping poverty from satellite images,
do not transfer well to estimating multidimensional quality of life in a local
South African context. In particular, this is perhaps because of the highly

unequal socioeconomic landscape within the urban environment of Gauteng.

These findings suggest that there is more than meets the eye when measuring
quality of life from satellite images. Just as humans may face challenges quantifying
on-the-ground quality of life from simple aerial observations, so does the selected
machine learning approach presented in this dissertation. Further exploration into
the boundaries of this and other machine learning algorithms for measuring human

development would be valuable.
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7.1. Identified Limitations

Several limitations affected the outcomes of this research:

Methodological constraints: The selected feature extraction and regression
methods are not optimal to measure the specific characteristics of the GCRO QoL
index, especially at the ward-level, where fine-grained spatial linkages in the GCRO

QoL data are unavailable.

Conceptual challenges: The GCRO QoL index incorporates subjective dimen-
sions that may not manifest in physical features visible from above. Components
such as social relationships, governance satisfaction, and subjective wellbeing have

limited physical expressions in satellite imagery.

Contextual factors: Gauteng’s historical development patterns, characterised by
extreme spatial inequality from apartheid planning, create unique challenges for
satellite-based analysis. Areas with similar physical appearances may have vastly
different quality of life profiles due to socioeconomic or historical factors invisible

from above.

Survey weighting: The analysis failed to apply the survey weights provided
with the GCRO QoL data when aggregating responses to ward level, potentially

introducing bias in the target variables used for model training and evaluation.

7.2. Opportunities for Future Work

This research opens several promising avenues for future investigation:

Domain-specific feature engineering: Developing feature extraction techniques
specifically designed for quality of life and the South African urban context, possibly

incorporating relevant data about settlement patterns and infrastructure.

Component-specific models: Rather than predicting a composite quality of life
index, future work could focus on specific dimensions (e.g. housing quality, service

delivery) that may have stronger correlations to features in satellite image data.

Temporal analysis: Examining changes in satellite imagery over time, aligned with

quality of life surveys, could reveal relationships between infrastructure development
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and changing wellbeing. This approach might better capture quality of life than

static analysis.

Interpretable techniques: Employing methods that provide greater interpretab-
ility could help identify which features contribute most to predictions, potentially
revealing unexpected relationships between visual features and quality of life com-

ponents.

Multimodal approaches: Combining satellite imagery with other data sources
such as street-level imagery, mobile phone data, or social media activity could
provide a more comprehensive view of quality of life. These complementary data

streams might capture dimensions invisible from a satellite perspective alone.

Developing independent models of quality of life: Exploring opportunities
to create novel abstractions of quality of life derived directly from big data sources,
rather than attempting to replicate existing survey-based indices. Such approaches
could establish alternative frameworks for understanding wellbeing that reveal
new dimensions of quality of life not captured by traditional survey methods.
This paradigm shift would move beyond using machine learning to approximate
conventional measures and instead pioneer distinct measurement techniques that

operate independently of survey-based historical data.

7.3. Significance of Work

Despite the limitations encountered, this research makes several contributions to
the field.

First, it provides a methodological exploration of the boundaries of satellite image
analysis for quality of life measurement in a South African context. While previous
studies have demonstrated success in estimating poverty measures from satellite
images in various regions [55, 56], this work highlights the challenges of applying
similar techniques to measure multidimensional quality of life in Gauteng’s unique

urban landscape.

Second, this research contributes to understanding the relationship between physical
features visible in satellite imagery and complex socioeconomic constructs. The

findings suggest that quality of life, as a multidimensional index incorporating
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subjective wellbeing components, may not be as directly observable in physical

infrastructure as simpler economic indicators.

Third, this work establishes a foundation for future research by identifying specific
challenges and limitations in the current approach, thereby informing more effective

methodological designs for subsequent studies in this domain.

7.4. Final Remarks: Continuing Interdisciplinary Quality of
Life Research

This research underscores the inherent complexity of measuring quality of life. While
machine learning approaches offer promising tools for complementing traditional
survey methods, this study demonstrates that they are not yet capable of replacing

ground-level data collection, particularly for multidimensional quality of life.

The value of survey enumerators and direct community engagement remains evident,
capturing nuanced aspects of quality of life that remain invisible to sophisticated
remote sensing technologies. Rather than seeking to replace these methods, fu-
ture research should aim to develop complementary approaches that leverage the

strengths of both human-centered data collection and computational analysis.

The boundaries of machine learning applications in development measurement
continue to evolve. This research contributes to understanding these boundaries,
helping to define where current methods succeed and where they require further
refinement. By identifying limitations, this work helps guide the development
of more effective approaches to measuring and understanding multidimensional

quality of life.

In conclusion, while this study did not achieve its original objective of estimating
quality of life from satellite imagery alone, it has advanced understanding of the
challenges involved and laid groundwork for more sophisticated interdisciplinary
approaches. The future of quality of life research likely lies not in replacing
traditional methods with artificial intelligence, but in thoughtful integration of
different methods to develop richer, more comprehensive measurements of human

wellbeing.
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A Source Code

A.1. Introduction

The source code for the dissertation titled: “Measuring quality of life in Gauteng,
South Africa from satellite images using machine learning” is available on Git-
hub [1]. The repository contains all scripts used for data processing, model training,

evaluation, and visualisation.

Installation and dependency information is provided in the repository README
file. The code is implemented using Python 3.10 [2] with key dependencies including
TensorFlow 2.18 [3], GeoPandas [4].

The version of code used to generate the results presented in this dissertation

corresponds to release v1.0.0 of the repository.
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B Ethics Clearance

B.1. Introduction

Research ethics is a primary consideration of academic endeavours at the University
of the Witwatersrand. The dissertation titled: “Measuring quality of life in Gauteng,
South Africa from satellite images using machine learning” has been conducted in
accordance with the University’s ethical guidelines. The remainder of this appendix
includes the University’s ethics risk assessment table and the ethics waiver letter for
the conducted research. These artifacts verify that this research has been conducted
in accordance with the University of the Witwatersrand’s ethical standards and

requirements.
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HREC (Non-Medical) Risk level categories definitions (January 2020)

This table identifies broad categories of risk. Schools/Departments can provide specific examples of these categories that are specific to that particular discipline, or the types of data
collection methods or participant groups that are most common in that discipline. Please note that any study involving minors cannot be considered by Schools irrespective of the risk

level.

Risk category

Definition

Example

Notes

No risk

No contact with human participants

Document analysis or literature review
Studies based on theoretical or secondary analysis alone
Use of non-human, quantitative datasets (e.g. economic data)

These studies do not require ethics
clearance

A waiver may be given, however, if
required by a university faculty or external
body

Use of previously-collected human datasets (where permission from
previous participants have been explicitly granted)
Use of anonymized and aggregated human datasets (e.g. census data)

These studies may require ethics clearance,
dependent on the type of study and faculty
requirements

A waiver may be given, however, if
required by a university faculty or external
body

Applications deemed No Risk can be
considered at School level

Minimal risk

Where the likelihood and magnitude of

possible harm are no greater than those

imposed by daily life in a stable society,
or routine educational or psychological

tests

Questions about people’s everyday lives, activities and opinions rather than
detailed biographical information

No sensitive questions or topics

Review of privileged information (e.g. documentation not publically
available)

Applications deemed Minimal Risk can be
considered at School level

Low risk

Where the only foreseeable risks is that
of discomfort, or where there may be
some sensitivity involved in terms of the
questions asked

Questions about people’s everyday lives, activities and opinions — may
include biographical information and some potentially sensitive questions
and/or topics

May include some vulnerable contexts

Applications deemed Low Risk can be
considered at School level

Medium risk

Where there is a likely risk of some harm
for participants and/or the researcher, but
where appropriate steps can be taken to
mitigate or reduce risk

Sensitive topics and/or questions that may have potential for trauma and
emotional distress

May include vulnerable categories or marginalized groups, may include
some types of low-level illegal activities, such as artisanal mining

Research locality itself may contain potential risks to the participants and/or
researcher

There is a clear justification to undertake the research using this participant
group and/or using the proposed instruments, despite the potential risks

Applications deemed Medium Risk cannot
be considered at School level and must be
referred to the main committee
Support/counselling services must be
provided for participants, if appropriate

A distress protocol should be given, if
appropriate

High risk

Where there is a real and foreseeable risk
of harm which may lead to serious

Highly sensitive topics, e.g. experiences of violence, rape, illegal activities
Vulnerable or marginalized groups, or where multiple vulnerabilities exist
Research involving deception of the participants

Applications deemed High Risk cannot be
considered at School level and must be
referred to the main committee
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