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Abstract

The rapid growth of cities in low and middiecome countries (LMICs) has put increasing pressure on
livability, resulting in deprived urban areas (DUAS). Previous research has shown that local livability
perspectives can be accurately modeled using éeepithg techniques. The downside of this modeling
approach is that it requires substantial amounts of local training data, which limits the scalability and
transferability of the method.

This study investigated if an outsider perspective could serve as a proxy variable for a local DUA
livability assessment using a deep learning approach. Data on the outsider perspective of the Accra
Tema city region (ATCR) was collected with participantsnf The Netherlands (n = 56). The
participants performed pairwise image comparisons of remotely sensed imagery, to evaluate which area
is relatively better or worse in terms of livability. The outcome of the evaluations was used as labeled
training data foan Al livability prediction model.

The predicted livability assessment of the trained Al model (outtigieed model) was systematically
compared to the outcomes of preliminary studies in the ATCR (locally trained model) using an urban
morphometric framework.

The study found significant differences between the two perspectives, which manifested unevenly
across space. Correlations between the predicted livability scores showed considerable variation based
on urban morphology. Within clusters of compact low ra&atrong positive relationship was found
between the local and outsider perspectives, whilst open low rise showed a weak correlation.
Furthermore, the differences between perspectives varied in their dependence on urban morphometrics.
Local participants perceived areas with lower building densities, less greenery, and paved roads as more
livable, while the outside group preferred grepaces and surface water.

In sum, the findings reinforce the necessity of including the local perspective in DUA livability
assessments while showing that the differences from the outsider perspective depend on urban
characteristics. Future research could focus on finding aveouks/éraging the outsider perspective

in a complementary role in dasgare environments.
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1. Introduction

1.1 Research Background

Everyone should have the right to a safe and healthy living environment. However, This is not the case
for the approximately 1.1 billion people estimated tdiNdag in slums (UNSD, 2024). A slum can be
defined on the household level as deprived of access to sanitation, clean water, and durable construction.
Moreover, slums are characterized by crowdedness and the lack of tenure security for their inhabitants
(UN-Habitat, 2024). These living conditions have been shown to negatively impact inhabitants,
affecting both their physical health (Ezeh et al., 2017) and mentabeiel (Subbaraman et al., 2014).

It is therefore a priority of the United Nations (UN) nagrove the living conditions of slum inhabitants.

This is formulated in the Sustainable Development Goals (UN, 2023). SDG 11 aims to "make cities and
human settlements inclusive, safe, resilient and sustainable."

Across languages and cultures, a slum is referred to by a myriad of terms, including, but not limited to,
Favela, Banlieue, Shantytown, Township, Sloppenwijk, GhatiBarrio. These terms frequently

evoke negative connotations of crime, disease, hunger, and extreme poverty. Whilst the areas described
by the terms are often deprived of adequate living conditions, the terms emphasize too heavily on
negative stereotypes and falrepresent the heterogeneity of these places. This is also the case for the
term "slum" itself, and therefore, the choice is made to refer to it as a "deprived urban area" (DUA) to
not further stigmatize the already marginalized inhabitants of these places (Gilbert, 2007).

DUAs are present on all permanently inhabited continents (Kuffer et al., 2023), however they are not
evenly distributed. Most DUAs are located in the urbanized areas of low and 4iniclotee countries
(LMIC)(Abascal et al., 2022). Worldwide population gtbwparticularly in Africa, is expected to
significantly increase the number of people living in DUAs (Ezeh et al., 2016). By 2050, this number
is projected to increase from 1.1 billion in 2024 to exceeding 3 billion (UNSD, 2024). The reason for
this is that cities in LMICs are often unable to provide adequate housing for their growing population.
Moreover, cities in LMICs often attract a large influx of migrants caused by conflict and climate
displacement (Finn & Cobbinah, 2022; Kanga et al., 2024). ThePopllation prospects (2019)
estimate that the largest increase in urban population will occur in cities such as Kinshasa (DR Congo),
Lagos (Nigeria), Dar es Salaam (Tanzania), and Khartoum (Sudan), illustrating the overrepresentation
of DUAs in LMICs.

The projected increase of people living in urban deprivation by the UNSD is alarming, however gasping
the true numbers affected is found difficult. The estimates of people affected by urban deprivation are
inadequate, as was illustrated by Breuer et &222 and Kuffer et al. (2022). They found that the
populations of informal areas are underestimated in global population datasets.

According to Kuffer et al. (2020), the lack of such information creates-pegiEtuating issue. Without

spatial data for these areas, survey samples and field data collection are more prone to underrepresenting
deprived communities in national censused household surveys. Hence, the data necessary to support

the planning for infrastructure for achieving and monitoring SDG 11 is often lacking.

Furthermore, even when sampling is conducted, residents of DUAs are at a heightened risk of exclusion,
either due to political considerations or the use ofmeumesentative sampling frames (Abascal et al.,
2024; Lucci et al., 2018). According to Mahabir al. (2018), censtisking is a time, labor, and
resourceconsuming operation. Therefore, census data in most countries is collected every 10 years,
which is not a sufficient interval to capture the potential rapid urban sprawl of DUAs. This problem is
amplified by the rapid changes in population caused by conflict and climate migration. Lucci et al.
(2018) and Wardrop et al. (2018) add to this, stating that in resource countries that are affected by
conflict, such censuses overall seize to be conducted.

Remote sensing (RS) offers a ceffective alternative to resouraensive censutaking by retrieving
data over large areas at regular intervals. Moreover, RS techniques offer a spatial and temporal
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resolution that is fine enough to capture individual DUA homes and monitor the dynamic morphologies
of DUA. Since the 1990, satellite systems have been capable of capturing imagery at very high
resolutions (VHR), which allows for the identification of atifein the submeter range. Mahabir et al.
(2018) stated that this combination of characteristics makes RS techniques an important tool for
mapping DUAs.

Remote sensing is still not a definitive solution, as the visual identification of DUAs in large remote
sensing datasets remains thsansuming. However, advancements in computational technologies have
facilitated the automation of such labiotensive proesses. For instance, Taubenbédck and Kraff (2013)
demonstrated the effectiveness of automated slum classification in Mumbai, India. The literature review
of Kuffer et al. (2016) highlights the use of these approaches within DUA mapping. Machine learning
methods, such as random forests (RF) and neural networks (NN), were identified as the most promising
methods for identifying DUAs on remote sensing imagery. Thesedda&n approaches enable
iterative learning from extensive training datasets.

Although automation reduces time demands, expert validation remains necessary for accurately
identifying DUAs. This necessity arises from the varying manifestations of DUAs across and within
different regions (Ezeh et al., 2016; Georganos et al., 202t ali, 2023; Yeboah et al., 2021), making

it difficult to establish a universal definition for their identification in remote sensing imagery.
Moreover, such a daw@riven modeling approach reduces the mapping of DUA to a technical
classification. While rachine learning algorithms can differentiate urban patterns from RS imagery,
this does not adequately represent the complex-$ecimical nature of the DUA. Jochem et al. (2020)
suggest that such a dateven approach for the identification of urbantpats could be best used
together with the knowledge of local residents. The feasibility of this integration of local knowledge in
DUA mapping through citizen science has been underscored by (Hachmann et al., 2017).

Contrary to a datdriven modeling approach, a-salled 'livability approach’ considers the perceived
quality of life of such places. This shifts the focus from a purely informalimen method to one that
incorporates subjective assessments. Unlikebiihary or multiclass classification of the datkiven
approach, the livability approach models outcomes on a continuous scale, capturing degrees of livability
(Ajami et al., 2019). This approach allows for more nuance in the mapping of DUAs, as some DUA
areas may be identified as more livable than others. This represents the heterogeneity of these places
more adequately.

Local citizen scientists can help to integrate local knowledge and perception into said livability models.
Slum Dwellers International, an organization that advocates for the rights of DUA inhabitants, supports
such a participatory approach (Kohli et @&011). The incorporation of local DUA inhabitant's
perspectives into DUA livability modeling is considered very important (Kuffer et al., 2021; Mahabir
et al., 2016).

However, DUA inhabitants are hard to reach for researchers due to their irregular working hours and
difficulties in navigation and orientation in a DUA. Moreover, inhabitants lack trust that the research
will improve their living situation (Pizzol et aR021). This raises the question of whether it would be
possible to transfer livability assessments conducted byawahcitizen scientists.

Previous research (Salesses et al., 2013) on urban perception differences with participants from
developed and developing countries did not find significant cultural biases (Dubey et al., 2016). The
study by Salesses et al. (2013) was, however, of limigedgraphical scope, assessing
exclusively North American and European cities. The follay study by Dubey et al. (2016)
incorporated a wider range of cities, but only 3 out of 53 were African. However, no demographic
information about the participants sveollected in this study. Hitherto, no known comparative analysis
has been conducted on the livability perceptions of citizen scientists from a local or outsider perspective
within the context of DUAs.



1.2 ResearchProblem

There is a critical gap in our understanding of the population living in DUAs, as no comprehensive and
coherent database exists. This shortfall hampers the ability-pigarpolicymakers to design effective
interventions for enhancing urban livabilityaffcipatory livability modeling with local citizen
scientists helps to close this gap (Abascal et al., 2024). Local citizen scientists within DUAs are however
hard to reachit therefore difficult to measure the local livability perspective of DUA res&en

The present study seeks to investigate to what extent an outsider perspecteeveans a proxy
variable of the local livability perspective in DUA mappindf the local and outsider livability
perspective were to heery highly positively correlatedhen the outsider perspective couldumedas

a proxy variable for the local perspective in dstarce environments. Hencechk an approach could

offer a costeffective, less resourdatensive alternative for updating urban deprivation data. This could

be a critical step towards meeting the Sustainable Development Goals (SDG 11) and ultimately
improving the living conditionsn DUAs.
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1.3ResearchObijectives

This study aims tinvestigatethe ability of an outsider perspectivi® serve as a proxy variable of the
local livability perspective in DUA mappingsing a deep learning approadMithin this study, the
outsider perspective is represented by a gpamicipantsThe NetherlandsThe local DUA resident
perspective is represented by a group of citizen sciemtisd participated in preliminary studies
(Campomanes, 2025) the AccraTema city regionshana. B systematicall\fcomparinghesensider
and outsideperspectives within an urbamorphometricstameworkwe aimto deliver insight intdhe
outsider perspective as a proxy of the local perspedihie translates to the main research question:

To what extent is an outsider livability perspectiveraxy variableof the local perspective in the
context of urban deprivatiéh

In order to guide the main research objective, the followingodujdctives and complementary research
guestions have been formulated:

1. To compare the general livabiliperceptions of Accra between local DUA residents and outsider
participants from the Netherlands

To what extendoes thegenerallivability perceptionof Accradiffer betweerthe local Accra
DUA resident group and the outsider group from Natherland®

2.Toanalyzehe influence of urban morphometrics on the livability assessméintsider and outsider
perspectives.

To what extetcan thesgeneraldifferences between the livability perceptadthe local Accra
DUA resident group and the outsider group from The Netherléedexplained byrban
morphometric8

3. To investigatethe spatial clustering of differences in livability perceptions between Accra slum
dwellers and Dutch neslum-dwellers, identifying patterns and potential drivers of these clusters
within the urban morphometric framework.

To what extenis there clustering of thdifferences in livability perceptiobetweerthe local
Accra DUA resident group and the outsider group from The Netheffands

11



2. Literature Review

In this sectiorof the thesisrelevant conceptregarding the mapping vability within the context of
DUAs will be discussed.

2.1 Deprived Urban Areas

As stated in the introduction, a DUA is commonly recognized according to the UN definition, which
signals the absence of five indicators on the household level. However, the applicable boundaries of the
slum as a concept change considerably dependingeonattitext and conditions. For example, the
definition varies according to geographic scale, most notably household versus area level deprivation
and deprivation within the wider area.

The generic slum ontology (GSO), as developed by Kohli et al. (2012), is a framework intended to
facilitate the standardization of mapping slums through RS imagery. The framework consists of three
spatial levels that refer to urban morphology: the slumrenment, slum settlement, and the object
level (Figure 1) The framework aims to accommodate the variable nature of slum settlements across
different contexts by providing a set of indicators through multiple spatial levels, thereby facilitating
the standrdization of the identification of slums through remotely sensed imagery. The highest level
of the hierarchy is the level of the environment, which is associated with the surroundings of a
settlement, including its location relative to nearby land usegshd settlement level, attention is
devoted to the shape, form, and density of the settlement. Whilst at the bottom of the hierarchy,
components of the settlement are represented in the object class.

——————, . Location
Environs - Neighborhood Characteristics
|, S— -
=" ~ . Shape
/ Settlement
/ X J Density
/ r ) = Access Metwork
/ .
DbJECt - Building Characteristics

,- \
Figure 1. Generic Slum Ontology Framework (Kohli et al, 2012)

Moreover, a scoping review by Abascal et al. (2022) analyzing 115 publications showed that most of

the research on urban deprivation is directed at the household level. Moreover, the regional focus of the
assessed papers was also not evenly distributedmEtority of the articles were targeted at the UK

and the commonwealth, implying that Europe and Asia were overrepresented, whilst Africa, the Middle
East, and Latin America received | ess attenti on.
framewor ko was established. The authors proposec
interdisciplinary support to future deprivation characterization studies and to support the advance of
deprivation mapping operationalization. The framework gsauipe domains, which are distributed at

three spatial levels. These spatial levels are similar to the levels proposed by Kohli et al. (2011). Across

the nine domains, 70 indicators are represented in the framework. According to the authors, the
frameworkis designed to be flexible and adaptable to specific research requirements and geographic
contexts. Users can modify the framework by selectively including or excluding indicators based on
their relevance to a particular contextHigure 2 the domains of deprivation within the area level are
presented.
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- Crime,safety, conflict

- Security

- Food security,
distribution & nutrition

- Building or population
density

- Building: morphology

- Building quality

- Building use or function
- Coverage or area of
green space

- Land cover

- Land use

- Livelihood opportunities
- Mobility

- SES inequality

- Savings & loan initiatives
- Social capital & identity
- Stigma

- Air pollution
- Ecological diversity - Garbage accumulation
- Natural: slope, flood - Industrial pollution
zone, weather - Noise or smell pollution
- Natural assets - Water pollution
- Non specific/multiple - Non specific/multiple

Figure 2: The four domains of deprivationwithin the area-level (Abascal et al., 2022)

2.1.1 Urban Morphology

According to Oliveira (2016) and Castreeal. (2013), urban morphology refers to the study of the
physical form of cities by examining their shape, layout, parks, and street patterns.

Urban morphometrics are used to measure this morphology, and a taxonomy of morphometrics was
developed by Fleischmann (2021). This has enabled alda&n assessment of urban form. Friesen et

al. (2019) found that urban morphology is useful for analybDhbAs, as these areas share similar
morphological structures. Furthermore, Wang et al. (2023) have developed a workflow of combing RS
and urban morphometrics for the identification of setonomic patterns in the context of DUAs.
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2.2 Livability

Within a society, livability can be nquktmentst ood a
fit with the needs and capacities of its membe
livability is not straightforward. A scoping review (n = 24) by Dsouza et al. (2023) found various
definitions and conceptualizations of livabilityith little agreement on how to measure it. Moreover,

the studies found that livability was conceptualized on a variety of geographic scales. According to
Dsouza et al. (2023), the lack of standardization of geographic scale makes the concept peone to th
modifiable areal unit problem.

Besides the physical indicators described by the domain of unplanned urbanization, DUAs are also
characterized by the perception of livability by the people who reside in them.

The concept of Ilivability is to be encountered
published on an annual basis by the Economist Intelligence Unit (EIU, 2024). Cities of the Global North
prevail in this kind of rankings, whilst few Afan cities manage to secure a position in the top 100.

This has attracted criticism from scholars of the Global South, with Lawanson et al. (2013) stating that
these rankings are skewed towards Western concepts of what constitutes desirable and appropriate
urban living standards without adequately considering the cultural and environmental differences across
cities. A survey conducted by Lawanson et al. across 453 respondents from 15 African countries
reported contradictions between Western and Africaniveility:

Western concepts of livability appear to be premised mowti@s' global relevance, the strength of
institutional and democratic structures, and freedorohafice. Africans view livability, howevdrom
the perspective of access to basic necessifibfe and affordability, a perception formed from a long
exposure to ineffective urbalicies resulting in exclusion and slum development.

(Lawanson et al., 2013, p. 585)

Moreover, African views of livability are not only underrepresented in city rankings but also within the
realm of scientific literature. Khorrami et al. (2020) conducted a comprehensive scoping review to
evaluate methodologies for assessing urban livability, analyzing 67 publications spanniggaa 19
period (20002019). Among these, only 7 studies (10.4%)ployed methodologies at the stity

level, with the remainder conducted at the city or nasitate level. Geographically, the studies
primarily represented urban contexts in North America, Europe, Asia, and Australia, while African
cities were notablpbsent.

In their work, Nath and Karutz (2021) emphasize how these Western notions of livability have created
a knowledge gap, particularly regarding how livability is perceived in the context eatwivmiddle

income countries (LMICs), where a significant portxdthe urban population resides in deprived urban
areas. The need for the integration of cultural context into urban livability modeling is further
highlighted by the findings of Levering et al. (2023). In their study on livability prediction from aerial
images in Dutch urbanized areas on the neighborhood level, they found out that their prediction model
generalized poorly even towards neighboring countries such as Belgium or Germany.
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2.3 Citizen Science

Citizen science isdefinedash e fAscientific work undertaken by r
in collaboration with or under the direction of professional scientists and scientific instibui@xferd

Dictionary, n.d.) According to (Hecker et al., 2018), it is a method that allows for the democratization

of science. It opens up the production of knowledge to the people, which can be empowering for
marginalized groups. The involvement of citizémgitizen science is characterized by variousleve

of engagement. According to Vohland et al. (2021), this may vary from the sole gathering of data to the
active setting up of research projects.

Within the field of remote sensing and GIS, data gathered by citizen scientists is also referred to as
6volunteered geographical informationd (VGI). Ac
through RS imagery has shown limitations in undedstanthe local context.

Citizen science has been shown to be a promising approach to the collection of local data in DUA
mapping (Hachmann et al., 2018). The approach allows the inclusion of local knowledge within a
scientific process and opportunities for mutual learning (Deuddierque & Almeida, 2019). The

research of Abascal et al. (2024) has developed a method for the incorporation of local DUA
perspectives within a livability prediction model. This shows that citizen science is a powerful method

in livability modeling.

The democratizing ability of citizen science is particularly relevant in the case of DUA inhabitants, as

the voices of these people are often not heard by local authorities. Moreover, it is often assumed that
DUA inhabitants are a relatively homogeneousugr despite exhibiting complex social stratification

(Rigon, 2022).
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2.4 Deep Learning

For humans, perceivirlyyability is something that occurs naturally; measuring livability perception is,
however, more complicated. The work of Khorrami et al. (2020) has showcased the wide range of
research methods applied in the field of livability. However, these predotyirdminot consider
livability at a high spatial granularity.

As the goal of this research is to find patterns of livability at the area level, a deep learning approach is
considered a viable method. Deep learning has the ability to find patterns in large datasets that would
go otherwise unnoticed (Goodfellow et @016). Besides this, the models are able to improve
themselves with experience and data.

Within the field of DUA mapping and livability perception, deep learning approaches are becoming
more popular. A metanalysis by Raj et al. (2024) reveals that in the period of-2024, not only the
frequency of application of deep learning technigneseiased, but also the complexity of the neural
networks themselves. This has led to advancements in data processing, model training, and significant
improvements in terms of prediction accuracy. Deep learning techniques have allowed researchers to
map DUAs on a citywide scale ((Verma et al., 2019). Notable studies are the work by Abascal et al.
(2024) on the prediction of citizen urban deprivation perception and Wei et al. (2022) on the mapping
of human perception based on street view imagery.

On the structural level, deep learning architectures have an input later, deep layers (also known as
hidden layers), and an output layer. The tasks the algorithm could perform were limited to binary
classification, determining whether or not an image lgg#drto a certain class. Even though the deep
learning approach was revolutionary for its time, it soon became obsolete when it became clear that
algorithms such as the perceptron were limited to linearly separable classifications (Sejnowski, 2018).
Moreove, it was found that traditional machine learning techniques were better equipped for tasks and
had a wider range of applications. In the 2010s, deep learning made a comeback when the speed of
GPUs increased, and it is now one of the most promising temiaslin data analysis. It is a widely

used approach for speech recognition, machine translation, and image generation from text. One of the
areas in which deep learning techniques excel is in the realm of computer vision. This is a domain of
Al that focu®s on the processing, analyzing, and understanding of digital images.

24.1 Deep learning inrelation to Al

Deep learning can be understood as a subbranch of machine learning within the realm of artificial
intelligence, as seen Figure 3. Artificial intelligence (Al) is the overarching concept encompassing
every form of technology that is designed to simulate parts of human intelligence or other cognitive
processes. Machine learning is a branch of Al dedicated to making predictions Wwémauexplicitly
programmed with specific rules. Machine learning models can be classified by the way that they
fi | e a rpendsed, umsupervised, or by reinforcement learning.

With supervised learning, machine learning models are given labeled data as input. In the example of a
classification problem, a model will be trained to correctly predict to which class new unlabeled data
should belong. Common algorithms within supervigethine learning are linear regression, support
vector machines (SVM), and random forest decision trees.

Within unsupervised machine learning, the task of the model is to explore structures of data and to
uncover hidden patterns. The most common task for which unsupervised ML algorithms are used is
clustering; this allows for data to be organized in a meéulingay. Moreover, in reinforcement
learning, a model performs tasks and is continuously given feedback. This feedback consists of a reward
(positive reinforcement) for correct behavior and penalized (negatively reinforced) for false behavior.
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Artificial Intelligence

Machine
Learning

Figure 3: Relationship between Al, ML, DL, and CNN (Zhang et al., 2022)

Deeplearning can be understood as a more specialized subset of machine learning, and a typical deep
learning approach is characterized by supervised learning. One of the strengths of deep learning is its
ability to break down complex problems into hierarchiealels, with each layer in the network
representing a different l evel of abstraction,
multi-l ayer networks is that they can fl earnodo patte
to singlelayer networks (Aggarwal, 2018). The training process for a deep learning model involves
forward propagation, where the model generates predictions based on the inputs, followed by
backpropagation to adjust the model's parameters. The following sectigmovitle a more detailed

description of the training process for deep learning networks.

2.4.2 Training, Validation and Testing

This section delves into the process by which supervisedidaayng algorithms learn. As mentioned,
supervised learning algorithms require labeled data as input during training. A labeled dataset is
typically divided into three subsets: the training galidation set, and test set (Norvig & Russell, 2021).

A common split ratio is 60/20/20, although this can vary based on the model's requirements.

The training set is used by the model to learn patterns and relationships within the data by adjusting its
internal parameters, such as weights and biases. The goal is for the model to develop a hypothesis that
approximates the underlying structure of ttega. This hypothesis is evaluated on the validation set
during training to ensure that it generalizes well, meaning it performs effectively on unseen data. The
test set, which is not used during training, is reserved for evaluating the model's finahaece.

Training occurs over multiple iterations, or epochs, in which the model is fed the entire training dataset.
After each epoch, a loss function measures the error between the model's predictions and the actual
target values. The mode is given feedback bynsed backpropagation, in which the gradients of the

loss function are calculated with respect to each parameter. These gradients are then used to iteratively
update the parameters using an optimizer like Stochastic Gradient Descent (SGD) or Adam, with the
goal of minimizing the loss.

It was proposed by Geman et al. (1992), that the main dilemma in supervised learning of neural
networks is achieving the right balance between generalization and the two common sources of error:
bias and variance. Overfitting occurs when the model bectmoespecialized to the training data,
capturing noise and failing to generalize well to unseen data, resulting in high variance. On the contrary,
underfitting occurs when the model is too simplistic and fails to capture the complex patterns in the
data, lading to a high bias. However, Belkin et al. (2019) have pointed out that this classieal bias
variance tradeoff is not always the case, especially for neural networks. This claim is supported by the
findings of (Neal et al., 2018), stating that neural meks, when sufficiently large, can achieve both

low bias and variance due to their optimization dynamics.
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2.5 Convolutional Neural Networks

What distinguishes imageased data from other forms of data, such as a text file, numerical data, or
audio files, is that it is constructed in a raster grid. In an image, every pixel cé&datare holds
information about the hue and intensity of the cell. Moreover, the raster cell neighbors other cells, which
together create contrast and form the image. When one wants to analyze these images, these topological
relationships must be preserved. Tigisvhere the convolutional neural network (CNN) has gnoto

be particularly valuable.

CNN models usually consist of four types of layers that together construct the basic CNN architecture.
A diagram of this architecture can be inspecte#igure 4.The first layer of the model is theput

layer. This input layer takes in the raw image data, which is represented in a 3D matrix. The matrix is
constructed by the height) of the image, the width of the imag&)(and the number of color channels

(C). Typically, the input layer receives images that have already dregirocessedwhich involves

the resizing, the masking of distortions and color correction of imagery.

The second type of layer is tieenvolutional layer This layer is characterized by a set of kernels (a
type of filter), which performs convolutions over the mditnensional image space. The filter is
generally much smaller than the dimension of the input image (Aggarwal, 2018). During these
convolutions the kernels extract specific features that are important for the construction of the image,
such as edges, textures or contrast. Each kernel within the convolutional layer oftptiseamap

which represents the spatial location and strength of the detected feature in the input. After convolution,
an activation function is used to address-tioearity within the data. A commonly used activation
function is the Rectified Linear Unit (ReLU), which Haesen proven to preserve information between
different layers (Nair and Hinton (2010). The ReLU function is relatively straightforward; it returns
zero if the value is zero or negative, and else it returns the original value.

YQOoY 1 A gtw

Moreover, the third type of layer present in the CNN architecture ipdbkng layer of which the
primary goal is to reduce the spatial size of the activated feature mapschifesbdownsampling.

While some of the information is lost during this process, the important structures are however still
retained in the feature maps. The pssieg of the pooling layer is required because it enables efficient
training by reducing computational load. Moreover, according to Voulodimos et al. (2018), it reduces
the probability of overfitting. The outputs of the pooling layer are then flattenedmnedimensional
vector, which are fed into tHally-connected layers al s o r ef er r e thehamerafers idens
to the fact that every unit in the layer is connected to every unit in the next layer. According to Srinivas
et al. (2017), this contrasts with convolutional layers, which only have local spatial connections.
These fullyconnected layers are similar to the MLP, as they operate as the classifier in the CNN.
They take the highevel features derived from the convolutions and processed by the pooling layers to
determine the final output. While CNN is a powerful tool in image analysis, a downside is that it requires
a lot of computational power.

Output
Input Image Convolution
Pooling .
Pooled

Feature Maps"'-.‘

Feature Maps

Flattening

Full Connection
(Dense)

Figure 4: Diagram of the CNN basic architecture (Phung & Rhee, 2018)
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3. Methodology

3.1 Overviewof Methods

The methodology of this research followed the approach presentétgime 6. The overall
methodology was divided into three distinct sections: data acquisition, data processing and, deep
learning model training and pelsbc analysis. Each section is characterized by its research objectives,
data, and techniques. The following sectwill provide a concise overview of the methodology.

The scope of this research was narrowed down to thdeareladefinition of DUA in the Accrd eam

city region. Within the area level, the research limits itself to the domain of unplanned urbanization.

Section A Data Acquisition

The first section of the methodology was focused on data acquisition. The goal of this section was to
acquire data about the subjectiveness of livability perception of the-Aeona City Region (ATCR)

from anoutsider's perspective.

During a total of nine workshops, participants from The Netherlamds6) were invited to gather data
about their perceived livability of the Acefi@ma City Region. In order to make a meaningful
comparison to the livability perception from an insider perspective, this section of the methodology was
modeled according to prelimany studies in Accra (Campomanes, 2025). Within these studies, CS
workshops on urban livability perception were conducted with Accra resitent89). The study area

was divided mto a total of 7213 200x200 meter image tiles. A representative samyp&6() of these

image tiles was selected in order to be assessed on livability by the participants.

Relative perceived livability was measured by means of pairwise image comparison. The PARTIMAP
web application (Abascal et al., 2024) was used as the platform for the image comparison. In the

application, participants were presented with pairs of sampegne s . Based Whchis he que
a better place to live®? , participants chose the image from t
l'ivability. The assessment or image Ovotesd of t

images wereranked based on the voting outcomes using the Trueskill ranking algorithm. By
normalizing, a relative livability score for the sample tiles was derived. In order to predict the livability
scores for the entire study area, the recorded votes of the darapks by the Dutch participants were
used as labeled training data for an Al voter.

Section B Al -voter

The second section of the methodology was concerned with the supplementation of the recorded
participant votes in Section A with artificial votes. Again, this section of the methodology was modeled
to the Al voter developed for preliminary studies in Ac¢ampomanes, 202Bjigure 5) It
encompassed two VGG9 convolutional neural networks situated in a Siamese network architecture.
This architecture enabled the-@dter to process two image tiles simultaneously and compare them
using a simple difference drsigmoid layer. An ensemble Abter was developed using a fif@d
crossvalidation, in which the recorded participant votes were split 70/30 between testing and
validation. The ensemble Adoter achieved a prediction accuracy of 69%. After trainirig,Ahvoter

was subsequently utilized to predict a vote on 6.5 million image pairs that were drawn from the pool of
unseen images (= 6463).The predicted votes of the Al voter were thereafter used to produce a relative
ranking of images using the TrueBkigorithm. The outcomes of this ranking were normalized, which
produced a map of predicted livability scores for the study area.

Right
VGG

Simple Difference— Sigmoid Layer — Output

Left
Image VGG

Figure 5: Al -voter (Campomanes, 2025) (figure from Falcao & Papa, 2022) (modified)
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Section C Posthoc Analysis

The third section of the methodology revolved around the comparison of the livability scores of sections
A and B with the scores as produced by preliminary studies in Accra. The research objective of this
section was to assess theerall differences in perceived livability between these groups and to evaluate
the role of urban morphometrics in explaining said differerloestder to investigate the ability of an
outsider perspective to serve as a proxy variable for the local perspective in DUA mapping, the
correlations between the scores will be measuingtie case of a vestrongpositive correlatiorfTable

1), the outsider perspective could function as a paixte local perspective in the absence of locally
sourced data.

Table 1: Interpretation of Pearson correlation values(Altman, 1990

Correlation Value Relationship
1.00 Perfect
0.80-0.99 Very strong
0.60-0.79 Strong

0.40- 0.59 Moderate
0.20- 0.39 Weak
0.01-0.19 Very weak
0.00 No relationship

For the Dutch and Accra groups, the livability scores of the sample image tiles were modeled using
spatial features as predictors within a Random Forest framework. The predicted scores fwpthesAl

were also modeled within the same RF framework inrdalgain insight into the generalization of the
Al-voters. Finally, the differences in predicted livability scores by the Al voters were analyzed for
clustering using Local Morandés |
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Figure 6: Overview of approach
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3.2 Study Area

The study area resides within the Ac@i@ma City Region (ATCR) and covers a total surface area of
288.52 km2 Figure 7a). It is the equivalent of the preliminary study area on local livability perception
(Campomanes, 2025) conducted in Accra. Because it is the aim of this study to make a systematic
comparison between local and outsider perspectives on livability, thel gpatiaof analysis was
adopted from Campomanes (2025). The spatial unit of analysis thus is the 200x200m raster tile, of
which 7213 are present in the study area. Because this research revolves around the mapping of urban
livability, only areas with residsial buildup were included in the study area.

The extent of the study area was determined by Campomanes (2025) on the basis of the Local Climate
Zones (LCZ) dataset (Demuzere et al., 2022). The LCZ dataset is a worldwideeldOspatial
resolution that features a universal urban topology (Stew@ke&; 2012). The study area is, therefore,
representative of the different types of buift with the ATCR.

Aflantic Ocean

(o3
e
St oy

G

20 Kilometers

Figure 7: Overview of Study Area

3.2.1 Accra-Tema City Region

TheATCR is considered one of the largest and most important urban agglomerations inSadardn

region figure 7c)and features the capital of Gharf@glire 7b) Accra. According to the 2021
population census by the Ghanaian government, 1,782,150 people inhabited the city on the Atlantic
coast (Ghana Statistical Service, 2022). Over 4 million people reside in the ATCR; it, therefore, is the
most inhabited regiomf Ghana (Songsore, 2016). According to MacTavish et al. (2023), nearly
750,000 of these peop#e estimated to live in DUAs. Inhabitants of these areas lack tenure security
and face the risk of evictionOne example of such eviction of is the demolition of the Jamestown
informal beach settlement in 2020. This settlement served as the centeafftisanal fishing economy

but was destroyed by the municipal administration of Accra in order to clear space for a commercial
fishing harbor (Malkoc & Johnson, 2024). The evicted residents resettled about a kilometer west of
their homes under precarioagnditions near the Korle Lagoon area (Dodd et al., 2023). According to
Azunre and Boateng (2023), the rhetoric used for the justification of these evictions echoes practices of
colonial pasts. This is in line with Andersson (2016), who suggests thailtmat legacies continue

to exert influence on contemporary Accra, with the segiatial structures established in colonial Accra
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seeming to have persisted and been replicated over time. The spatial pattern of housing quality
especially reflected the colonial divisions of the past. The following section is therefore dedicated to
highlighting several historically important developngerthat have shaped the region and the
contemporary state of DUAs. For simplicity reasons, the ACTR will henceforth be referred to as
O0Accr abd.

Precolonial urbanization in the greater Accra region started from 1300 AD; from this point in time on,
fishing villages were developed on the coast by the Ga people whilst larger towns that functioned as
crossroads of trarSaharan trade routes arose mal@Korboe & Tipple, 1995).

The 16th century witnessed the start of colonial exploitation by European powers, who named the area
Gol d Cloeafsrdedincorporation of Ghana into the world economy under colonialism led to a
network of towns that is still visible today. Towns developed in the proximity of slave trade fortresses
built by European colonial administrations on the Atlantic caagiggadually turned into larger trading

posts, which was also the case of the early urbanization of Accra. This led to the creation of African
communities that are now at the core of Accra, namely Jamestown, Usshertown, and Osu (Arn, 1996).
In the hinterland, independent states and cities emerged, such as the Asante Empire that extended
throughout modenday Ghana, Togo, and Benin (Campbell,4)99

In 1821, Accra was subjected to British colonial rule, and by 1877, British officials had relocated their
colonial headquarters of the British Gold Coast from the Cape Coast to Accra. The incorporation of
Accra into the British empire significantly impadte t he t owndés wurban mor phol
legislation that brought concepts such as money, private property, and written documentation, thereby
rejecting local traditions of legitimacy, the British further solidified control over land administration
(Sackeyfio, 2012).

Rapid industrialization in Western Europe increased demand for tropical products, prompting the
British to build a railway | inking Accrabds port
Coastbs busiest port, whet20th centuly baing meh lly migrangsdrem at t
neighboring countries. As a result, the population of Accra doubled between 1901 and 1920 (Arn,
1996). The British administration developed infrastructure to incorporate this population influx and
started the irdmous practice of racial zoning in urban planning. The shaping of urban spaces was,
therefore, an instrument of domination and control used by the British authorities. Informal settlements
that developed spontaneously inside the town during this periogl efan met with eviction and
demolition (Cambell, 1994).

As a colonial city, Accra could be characterized by four major features of spatial organization, by which
the segregation of people is eviddriglre 8) The first was the port and its facilities, which linked the
colony directly to the docks of Manchester, at the heart of the British Empire. Secondly, adjacent to the
port was a European central business district (CBD). Thirdly, the native town, whichareted local

markets, was neglected in terms of urban planning and heavily segregated from ibedwilias of

the European residential areas (Grant & Yankson, 2002). These European neighborhoods, being the
fourth feature, sharply contrasted with the overcrowded and underdeveloped conditions in the native
town.
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Figure 8: Zoning of colonial Accra (Grant & Yankson, 2002)

After the Second World War, the struggle for nationaldetermination and liberty eventually resulted

in the British subduing the demands of the Ghanaian nationalist movement led by Kwame Nkrumah.
On the 6th of March 1957, Ghana freed itself from treekles of British imperialism and was the first
subSaharan colony to gain independence.
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3.3 Section A:Data Acquisition

During the first part of the methodology, the workshop phase, data on the livability perception of the
study area was collected during nine workshops together wigagigipantsfrom The Netherlands

The following sections are dedicated to the selection of the participantsjothehops, and the
secondary data sources used in the research.

3.3.1 Patrticipant Selection

To acquire a representative sample of Dutch society, it is desirable that participants come from diverse
backgrounds in terms of age, gender, and geographic distribution. Participants were recruited for the
study using the chaireferral sampling method, a mgrobability sampling technique that relies on
participant networks to identify and recruit additional respondents (Kumar, 2011). Although this
sampling approach is less representative of the population compared to random sampling, it was chosen
to ensuresufficient data collection for training an urban livability prediction model within the
constraints of limited resources.

3.3.2 Workshops

For the acquisition of perceived livability data of the study area from an outsider perspective, a total of
nine workshops were held. For seven of the workshops, the researcher's domicile served as the
workshop setting. The other two sessions were conductéhe Vening Meineshuilding A on the

Utrecht University campus. In order to mitigate possible distractions, it was ensured that the sessions
were conducted within a peaceful environment.

Within the workshops, the perceived livability of the study area was measured by means of pairwise
image comparison within the PARTIMAP web application (Abascal et al., 2024). A workshop consisted
out of 48 participants and took about 45 minutes fromt $tafinish. There was no sign of participants
waning attention or fatigue that might have influenced the quality of the data.

At the start of the workshops, participants were familiarized with the concept of livability and how it
may differ according to their personal preferences. A hypothetical place may be considered very livable
according to person A, but this might not neag$s be the case for person B. This may be due to
personal preferences in environmental factors or the type of housing that is available within the place.
Besides being subjected to personal preferences, the concept of relative livability was also introduced
to the participants. Place A may be perceived as more livable than place B but as less livable than place
C.

Succeeding this introduction, participants were given a short demonstration of the remotely sensed
images that they would later work with during the sessions. The goal of this demonstration was to
showcase the participants how livability might be perceiliemligh satellite imagery. Participants were
informed of the standard image size, which was a 200x200 meter tile. This was deemed important
information for the participants, as it would enable them to compare buildings and other features across
differentimages more accurately. Moreover, participants were informed that satellite imagery could
differ in terms of color saturation depending on sunlight, fog, or other influences.

After this demonstration of the satellite imagery, the participants were instructed on how to operate the
pairwise image comparison within the voting web applicatiéigure 9) They would be shown two
satellite images side by si dWhatabiow et tod lwétitcehr tph
The application required to choose one of the images, as there was no option for a draw. This proved to
be very intuitive for the participants.
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which is a better place to live?

Figure 9: Screen capture of the PARTIMAPweb-application image
voting environment (Abascal et al., 2024)

Now that the participants were prepared for the task, they were asked to navigate to the web application
within the browser of their mobile devices. The web application used for this purpose was a modified
version of PARTIMAP, (Abascal et al., 2024). Itas ensured that the screens of participants' devices
were set to maximum brightness so that the images would be the most visible. Moreover, the application
required the participants to tilt their phones to landscape mode, granting large image sizesdeltise

Before commencing with the pairwise image comparison, the web application required the participants
to answer questions about their demographic background. Following the questionnaire, participants
were presented with randomly selected image pairs dranmdrsample subset of the study area

Thestudy areaonsisedout 0f288.5 square kilometers, divided im213200x200 meter tiled-or use

within the voting application, & % sample of(n = 660) these tilesvas ®lected(Table2). To ensure

that the sample is representative of the different types of urban built up within the study area, it was
constructed with the use bbcal Climate Zonefl_.CZ) datase{Figure 16). Overall, participants found

the workshops to be engaging.

Table 2: Distribution of sample tiles of the study area, ratios of local climate zone clusters (Campomanes,
2025)

Cluster NO. Cluster Name LCZz % total Sample % total
area tiles sample

0 Informal compact low rise 3 38.7 286 43.3

1 Formal compact low rise 3 32.1 211 32.0

2 Informal open low rise 6 18.6 115 17.4

3 Formal open low rise 6 4.3 21 3.2

4 Informal large low rise 8 3.9 18 2.7

5 Formal large low rise 8 2.5 8 1.2

6 Sparsely built 9 0.1 3 0.5
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3.34 Ethics

Working with human participants igextricably linkedwith ethics. For this research, the guidelines of

the Dutch code of conduct for scientific research have been agplitch Research Council, 2018)

On a practical level this meant that participants were informed of the fact that participatiba in
workshops was voluntaythat they may cease to continue the workshops sessions when they desire to
do so, and that this is always without any consequences. Lastly, participants were informed about the
possible benefits of the research and were reassurethéwaprivacy and data was protected and
carefully hantked.
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3.24 Secondary Data Sources

Aside from utilizing primary data, secondary data souf€able3) were utilized tocevaluate and
analyze the results from Section C of thethodology

Table 3: Overview of secondary data sources

Dataset Author Publisher Year  Spatial Data Input for
name resolution  type
Accra Google Airbus  Google 2024 0.5 meters Raster PARTIMAP
Google and Maxar Voting
Earth Technologies Application
Imagery (Abascal et al.,
2024
Accra ESA Copernicus 2024 20 metes Raster VGG-9
Sentinell Artificial
C-SAR voter
BandVvV
+VH
Accra ESA Copernicus 2024 10 meters Raster NDVI and
Sentinel2 NDWI
Band 3, 4
and 8.
Open OpenStreetMap OpenStredflap 2024 - Polyline Surface water
Street contributors
Map
Accra Campomanes - 205 200 Raster  Difference
Livability  (2025) meters score
Score
Google Sirko et al. Google 2021 Derived Polygon Urban
Buildings (2021) Research from 50 Morphorretrics
V3 cm (Fleischmann e
resolution al., 2021)
satellite
imagery
Local Demuzere et al. Zenodo 2022 100 Raster LCZ clusters
Climate (2022) meters
Zone
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3.2.5 Auxiliary variables

The scope of this research was narrowed dovthe@ettlement or ardavel definition of DUAS in

the AccraTema city region, Ghana. Within the area level, the research limited itself to the domain of
unplanned urbanization. The indicators associated with this domain are density, morphology, quality,
and use of buildings, green space, land cover, and landriggaed 16).In this section, the auxiliary
variables, as presentedTiable4 are discussed and supported by figures.

Table 4: Auxiliary variables

ID Name Element Category Literature
NDVI Normalized Green Space Intensity Input derived
Difference from
Vegetationindex participants
Water Normalized Surface water Intensity Input derived
Difference Water from
Index participants
SSCERI Equivalent Tessellation cell Shape Wang et al.
rectangular index (2023)
sshCCD Centroidcorners Building Shape Wang et al.
distance deviation (2023)
IbtIBD Mean interbuilding  Neighbouring Distribution Wang et al.
distance buildings (2023)
[tcBuA Building Adjacency Building Distribution Wang et al.
(2023)
NDVI

During the workshops, a number of participants mentioned that the amount of green space and surface
water within the image tiles influenced their decisipaking process during the pairwigeage
comparisons. Therefore, the choice was made to include these variables as a predictor in the livability
score model. The amount of green space within an image tile was quantified by calculating a normalized
difference vegetation index using Senti@alata retrieved from the Copernicus dataspace (ESA, 2024).
The data was carefully examined for potential cloud cover and other anomalies, such as haze or striping.
From the Sentine? data, band B4 (664.5 nm) for red light and band B8 (835.1 nm) foiinfesed

light were selected and processed using the NDVI equét)oifije NDVI map of the study area can
inspected in Appendix X. For the within the study, the results were aggregated into the 200m resolution
raster of the study area. Sample tiles of NDVI scores are visualized in Figure 10.

0l OYYQD
U005y van

(1) Equation for the calculation of the normalized difference vegetation index

Figure 10: Sample image tiles representing NDVI values
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Water

A similar approach was utilized for the construction of the surface water variable. A normalized
difference water index was calculated to detect open water bodies. The band B3 (560 nm) for the green
light and the neainfrared B8 (835.1 nm) of the Sentireldataset were used. However, whilst this
produced a sharp delineation of the shoreline present within the study area, it failed to capture smaller
water bodies within the urban builp. Therefore, water bodies from Open Street Map (OSM) were
used to compensate for these inaccuracies. The OSM water bodies were carefully examined and features
such as irrigation ditches that would not be visible to the participants were excluded. For the image tiles
within the study area, the mean surface water coveragewas 1.5%, with a standard deviation of
5.9%. Sample image tiles with surface waterbodies present are visualizgdrie 11.

Figure 11: Sample image tiles representing surface water area coverage values

Mean nter-building distance

The variable of mean intdwilding distance was found to be an important predictor for livatility

Wang et al. (2023). This variable is an urban morphometric that measures the density of buildings within
a defined neighborhood around each building. A high value is associated with large distances from one
building to the surrounding buildings, thereftiseving fewer direct neighbors. A lower value indicates

a smaller distance surrounding buildings, which results in more direct neighbors. Samples tifdmage
used in the research, together with Google Open Building V3 footprints and associated interbuilding
distance values, are presentedfigure 12

Min. Value

| 2.40 4.54 16.0 27.5 38.9 |

Figure 12 Sample image tiles representing different interbuilding values (m) Google Open Buildings V3)
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Building Adjacency

The variableBuilding Adjacencyreflects howmanybuildingstendto join together in order to form
larger structuregVanderhaegen & Canters, 2014) lower value indicates thahore buildings are
adjacent, i.e. they share boundaries. This often results in increased compaugt. iDil the contrary,
higher values indicate that buildings shfewerboundaries, and are more freely distributed over the
area. Samples of image tiles with building footprints and the associated ltcBuA ar@ymesenteith
Figure 13.

Min. Value

| 0.60 0.84 0.89 0.94 0.98 |
Figure 13: Sample image tiles representing building adjacency values (Google Open Buildings V3)

Equivalent Rectangular Index

The EquivalentRectangularindex is an urban morphometric thateasures to which degree a shape,

in our case a building footprint polygon approximates a perfect rectangle. Image tiles with the associated
SSCERI scoreare presenteih Figure 14.

| 0.93 0.95 0.96 0.98 0.99 |
Figure 14: Sample image tiles representing Equivalent Rectangular Index values (Google Open Buildings
V3)

CentroidCorners distance deviation

The Centroidcorners distance deviatipns an urban morphometric that measures the internal
symmetry of building shapes. It calculates the distance between the corners of the building and its
geometric centroid. Low values indicate that buildings have symmetric shapes, such as rectangles.
Moreover, high values indicate that the internal building shapes are irregular or asymmetric. Image tiles

with the associated centrearners distance deviation scores are presenteidime 15.
| Min. Value -1SD Mean +15D +2SD |

| 0 0.13 0.55 0.97 1.39 |

Figure 15: Sample image tiles representing CentroidCorners distance deviation values (Google Open
Buildings V3)
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Local Climate Zones

’Types of urban built-up within study area
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Figure 16: Types of urban built-up within study area (Demuzere et al., 2022)
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3.2.6Preliminary Studies in Accra

During preliminary studies in Accra (Campomanes, 2025), Accra local resident89) were invited

to conduct a livability assessment as citizen scientists over the course of 6 workshops. In total 47,284
pairwise image comparison votes were collected. From these votes, a livability score was derived using
the Trueskill ranking algorithm. Of the 660 cells, the mean granted livability score was 0.50, with a
standard deviation of 0.18. The distribution ofliliability score was negatively skewe®26). In the
preliminary studies (Campomanes, 2025), the votes recorded during the workshops were used as labeled
training data for an Al voter. The ensemblevter achieved a prediction accuracy of 70%Figure

17, the livability score derived from the participant votes is presentdégime 18, sample image tiles

and associated livability scores are presented.

Livability Score Granted by Accra Participants

Legend
Livability Score
Normalized (0-1)

[ 0.00-0.36
) 0.37-0.45
[ ]o46-0.54
[ 0.55-0.63

10 Kilometers Bl 05t - 100

Figure 18 Samples of Accra livability score
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3.3 Section B:Data Processingand Al -voter training

. EE P
r‘]—

(2) Equation for the number giossible pairs (p) in relation to the number of images (n)

When using the equatio2)(to calculate the number of possible image pairsfer7213, the total
amounts top = 2.6*10’. With an average of 250 casted votes for every participanf4@participants
would be needed tgatherthe necessary amount of votédtracting this amount af S participants to
partake in a workshop is simply not feasible. To overcomsditfitation, an artificial voter vasutilized
thatlearnedo predict the voting behavior of human votéiise following section will be dedicatexh
the process of training this artificial voter.

Equation (1) is used to calculate the number of possible image pairs for n = 7213, and the total amounts
to p = 2.6*107. With an average of 250 cast votes for every participant, 104,040 participants would
need to gather the necessary amount of votes.chittgathis amount of CS participants to partake in a
workshop is simply not feasible. To overcome this limitation, an artificial voter was utilized that learned

to predict the voting behavior of human voters. The following section will be dedicated pnotiess

of training this artificial voter.

Designing and training such an artificial voter is not an easy task because it is unknown which specific
features voters use to make their decision in deciding which image of the pair represents a better place
to live. With conventional machine learninglaiques, this feature extraction is a prerequisite and is
usually constructed by a domain expert (Indolia et al., 20185 in this case that deep learning
techniques offer solace, as deep learning techniques overcome the problem of neetbteymred

features by being able to extract relevant features directly from raw input data. The following section
is dedicated to the model specifications, the training of the model and the operations it performs.

3.3.1Al-Voter Design

The artificial voter used in this research was developed by Campomanes (2025) for preliminary studies
on livability perception in Accra. It is based on a CNN developed by the Visual Geometry Group
(VGG), a research group at Oxford University that spe@alim computer vision. This research group
developed their own awamdinning CNN architectures and have made these available for public use
(Simonyan & Zisserman, 2014). In the case of the artificial voter, the VGG9 model is used, with the
906 r e fthe numbenofcortvalutional layers. The selection of this shallow architecture was based
on the 16meter image resolution of the SentiieP00x200m image tiles, which is only a very small
image of 20 by 20 pixels. Deeper architectures need larger intageisact meaningful features, hence

the use of the shallow VGG9.

The VGG9 was integrated into a modified Siamese network architecture (Bigukecording to

Falcao and Papa (2022), a Siamese network consists of two identical neural networks designed to
determine the similarity between pairs of data. In this context, "identical" means that the networks share
the same configuration, including wbits and parameters. This weiglhiaring ensures that both
networks process the inputs in a consistent manner. The Siamese network model was originally
introduced by Bromley etl.a(1993) for the specific task of detecting counterfeit signatures, but its
architecture has since been adapted for a wide range of sirdilasgd tasks.

The use oSiamese network architecture is relevant for the intended purpose of developing an artificial
voter because it aligns with the comparative and relational nature of image voting based on perceived
livability. Within the VGG9 shallow network, the model learto adjust its weights so that it
coordinates with the training data. In a regular Siamese network architecture, the output would be 1 if
the inputs were dissimilar and O if they were similar. However, for the purpose of this model, the
meaning of thesebels has been reframed. Therefore, within the training data that consists of labeled
image pairs, label 0 corresponds to a vote for the left image, and label 1 corresponds to a vote for the
right image. In this way, the model learns to vote for theimageat Awonod t he vote. Tl
a sigmoid value (betweenX).
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3.32 Data Pre-Processing

In preparation of the training of the Al voter, the votes that were recorded during the workshop sessions
were preprocessed. The main purpose of thisrecessing is to assign a winning and a losing image

within each pair and to aggregate pairs ofinsaget hat wer e voted on more t ha
if it was selected by the voter based on a higher perceived livability compared to the other image in the
pair. If the leftmost image wins in the pair, the pair is assigned to value 0. In the cagim dbiathe

rightmost image, the value is 1.

Given a tie between duplicate image pairs, the winning image is randomly selected and the duplicates
are subsequently aggregated. In the absence of a tie, the duplicate image pairs are aggregated based on
the image that won more than 75% of the time amsiasd a win ratio. This win ratio is thereafter
normalized between the value ran8eand 3. A negative value corresponds to the left image winning

in the pair, and a positive value corresponds to the right image. The output of this preprocessing is a
tade which consist of image pairs and a win ratio.

3.33 Training of EnsembleAl -Voter

The output table from the previous step was used as input for the training of the artificial voting model.
The table is split into data for training and validation usingfall crossvalidation (CV). In this case,

5 training folds are used. Within eadid, 70% is training data and 30% is testing data. After training
and testing, the predictions from the individual models are combined in order to produce an ensemble
model, a single model that averages the predictions from the five models. AccordiimviasSat al.

(2017), ensemble models have been proven to perform better than one. The training of multiple CNNs
afterward averaging them to create a single ensemble model usually increases the prediction accuracy
by 1i 2%. In the case of this research, thiputted ensemble model achieved a prediction accuracy of
69%.

In order to assess the transferability of the Dutch recorded votes to the Accra recorded vofefd the 5

CV was iterated. Only this time, within each fold, 70% of consistebwth votes as training data and

30% of Accra votes as validation data.

3.34 Running the Al Voter

Proceeding th&aining of the models anthe creation ofhe ensemble model, the systemsready to

perform voting operations. The model acts as an "Al voter," evaluating pairs of images and selecting a
preferred image for each pair. To compute a livability score for all 7,213 tiles, the trained model is used
to vote on image pairs. However rfieming voting on all 2.6*107 possible image pairs would require
substantial computational resources. To address thisliminary studies (Campomanes, 2025)
processed only 25% of all possible image pairs. This % fraction of the possible image pairs was
randomly selected and resulted in 6.5 million votes by the Accraotlr. During this process, image

pairs were retrieved from a database, and the model predictions (scores) were calculated for each pair.
These scores indicated which image was "prefeliredach pair. Based on these predictions, a winner

and loser were assigned for every pair, and the results were saved to the database for further analysis.
For this study, the same procedure was applied.

By utilizing computational resources from the Space4All servers, the analysis time for processing these
6.5 million votes was reduced from 88 to 22 hours. The results were then aggregated to produce a ranked
list of tiles, reflecting the Al voter's assessmof livability across the study

3.35 Acquisition of Ranks

Based on the outcomes of the Al image voting process, a ranking was established. As the trained Al
voter processes image pairs, it assigns a 1 to the image winning the vote and a zero to the image losing
the vote, from these wiar-lose outcomes, as rankinvas calculated using the TrueSkillalgorithm

(Minka, 2017). TrueSkiff operates similarly to an Elike ranking algorithm, updating scores for

each image tile dynamically based on the results of pairwise comparisons. For each image tile, the
algorithmassi gns an initial scor e, referred to as a
were adjusted by the ranking algorithm, refl ecti
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of this research, this fAstrengthdé represents th
others. The results are stored as raw scores, representing the value from the EruRskill) object.

To make the ranking more interpretable, the raw scores are normalized using the MinMaxScaler
algorithm, scaling them to a standardized range of 0 to 1. This produces a final livability score, where

0 represents the lowest livability and 1 represents tijleelst, which in turn enables the meaningful
comparison and visualization of the results.
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3.4 Section C:PostHoc Analysis

Within the final section of the methodology, the plast analysisvas conductedlhe livability score

was modelled using random forest regression and predictive variables. Moredher predicted
livability score by the Dutch trainedll voter wereevaluated andompared to the outputs of the Accra
trainedAl voter. In order to gain insight into the decision making process of the Al voters, the predicted
scores of the Al voters were subsequently modelled using random forest feature importance and partial
dependence plots.

3.4.1 Global Differences

The first stepwasto assess thal voters predicted livability scorausing exploratory data analysis

(EDA). The goal of whictwasto deliver insight into theerformancef the model, by considering the

(spatial) distribution of scoreclustering andoutliers.Se c o n d a Moranos I coe]
performed in order to assess the data for spatial autocorrelation. This test considers both the value and

the location of the feature during the measurement, with thehppdithesisassuming syl

randomnes, or homogeneitylt was originally proposed byloran (1948) and carbe considered a
crossproduct statistic between a variable and its spatia(Aagelin, 2024) The output of the test
rangesbetweed and 1. A negative Moranbs | indicates t|
value indicates that similar values are clustered. If the outcome of the test is close to 0, it can be assumed
that there i10 spatial autocorrelation present, meaning that the spatial pattern is random.

Subsequentlya paired Ttestwas conductedin order to determine i& significant differencearose

between the means of predicted livability scores obilieh and Accra trained mode&lsing the raster

calculator tool, the two predicted livability scores by the models are subtracted from each other in order

to produce a difference score. This procedure aimed to answer thalficgiestion:

To what extent does thgenerallivability perceptionof Accradiffer betweerthe local Accra DUA
resident group and the outsider group from The Netherfands

3.4.2Random ForestRegression

A random forest regression algorithm was used in order to assess the relative importance of auxiliary
variables in predicting the Dutch livability score. Random forest is a type of supervised ML. It combines
multiple decision trees into a single model. Egnt is also a type of ensemble ML. Besides the use of

RF to model the Dutch livability score, the difference score and the predicted livability scores by both
the Dutch and Accrirained Alvoters were modelled using RFaple5).

Table 5: RF regression models

Model Independent Variable Predictors
RF (log) Dutch livability score Table6
RF (log) Pred. Dutch livability score Table6
RF (log) Accra livability score Table6
RF (log Pred. Accra livability score Table6
RF (log) Difference in pred. score Table6

The predictivevariablesare presentenh Table6. A selecion criterion for these variablewas that the
presence or absence of such a variable woultbbbeeableon the image tiler the participants during

the voting processTherefore the variable slope was excluded, as the study area did not have slopes
steep enough to be noticeable withiB00x200mimage tile.

The dataset of theaviables on urbamorphometrics was constructed for preliminary studies in Accra
(Campomanes, 202%)sing the Google buildingg3 dataset(Sirko et al., 2021 pand the Momepy
python packagé€Fleischmann, 2019)n total, 14 variableselated tourban morphology werérst
includedin the RF model. However when controlling farulticollinearity using a Variance Inflation
Factor (VIF), the number of predictive variables was iteratively reduced to 6 (VIF <5). The final
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predictive variables that were included in the RF models are preseitdul@s. A detailed description
of the variables is included in section 3.2.

Table 6: Predictors within RF models

Variable ID Description
NDVI Normalized Difference Vegetation Index
[tcBUA Building Adjacency
ltbIBD Mean InterBuilding Distance
SScERI Equivalent Rectangular Index
ssbCCD CornerCentroid Distance deviation
Water Percentage of area covered by surface water

The analysis was carried out using the R packageéomForestBreiman et al., 2002; CRAN, 2024).

The data was prepared using-tognsformation, in order to reduce skewnekthe variablesWithin

the R package, thearioushyperparameters wespecifial. First, the number of trees to grow was set

to Ntree = 1000. This number was chosen on the basis that every input row should be predicted at least
several timesThe number of variables chosen at random as potential candidates at each split was set to
Mtry = 3. The choice for this parameteras based op/3, wherep represents the total number of
variables (CRAN2024). The data was split between training data (70%) and test data (30%). Following
the training and testing of the model, the funclimportancewas used t@xtract information about

how important a variable was the forthcoming of accurate predictions by the random forest model.
This aimed to answer the second-suiestion.

To what extent can these general differences between the livability perception of the local Accra DUA
resident group and the outsider group from The Netherlands be explained by urban morphometrics?

3.43 Clusters of Difference Score

In order to assess the clustering of the predicted livability scores by botiotats, a Anselin Local
Morandés | was calculated (1995). Moreover, predi
using the raster calculator in ArcGIS Pro. Theulting difference raster was also assessed for local
spatial autocorrelation. The Inverse Euclidean distance was selected as the means of conceptualization
of spatial relationships, which set the threshold distance to 632 meters. The number of pasnutatio
was set to 999.

The tool identifies significant clusters of similar values, where a-high cluster (HH) signifies

clusters of positive values, thus implying that the area was granted a higher predicted livability score
by the Dutchktrained Al voter. The lowow (LL) signifies clusters of negative values, which implies a
higher predicted livability score by the Acerained Alvoter. Moreover, the tool captures léwgh

(LH) and highlow (outliers), in which a value is spatially neighboring dissimilar values. Finhly, t

tool also identifies areas in which no clustering is present, implying spatial homogeneity. In this case,
spatial homogeneity could imply that the values are close to zero, which indicates a strong sense of
comparable predictions between the Dutch andré Al voters. The clusters were visually examined

for spatial patterns. This procedure aimed to answer the thirgusgiion:

To what extent is there clustering of the differences in livability perception between the local Accra
DUA resident group and the outsider group from The Netherlands?
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4. Results

In this chapter, the outcomes following the application of the methodology are presented. Subsection
4.1 is devoted to the results of the workshops that were held in The Netherlands in order to gather data
about the perceived livability of the study ar8absection 4.2 covered the ranked image as produced

by the participant's votes. Subsection 4.3 covers the validation of the livability predictimmeAkthat

was trained with the data gathered from participants during the workshops. Subsequentlyrtiog acc

of predictions by the trained model will be assessed against the internal consistency of the participants.
In subsection 4.4, the predictions of the trained livability model are subjected to exploratory data
analysis (EDA). This includes the spatial distribution and evaluation of spatial autocorrelation.

In the final subsection, 4.5, the results of the comparison of predicted scores by both thieadihedh

model and Accrdrained model are presented. Overall differences were evaluated using a random forest
algorithm.

4.1 Descriptive Statisticsof Voters

Over the course of the study, a total of 56 participants engaged in one of the nine workshops.

Of these participants, 26 identified as female, and 30 identified as male. In total, 13,651 vote for
pairwise image comparison were recorded in the PARTIMAP voting application. This averages out to
239 recorded votes per participant.

All participants fell within the age group of -B. The highest attained level of education of the
participants ranged from high school (11 participants), to university or other higher education (45
participants). All the participants resided within Thetierlands, of which the geographic spread is
shown inFigure 19

As seen irFigure 20,most male participants cast fewer votes than their female counterparts. However,
on average, male participants cast 266 votes against 217 by women. The highest number of votes cast
by a participant was 707, whilst the lowest number of casted votes was 10.

Number of Participants
per Province

Gender - lemale. taale ;12 .
®: -
[ &
o
®
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Votes = = ] 25 50 100 Kilometers

S Y T Y S R |

Figure 20: Distribution of participant votes by gender Figure 19: Geographic spread of participants
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4.2 Dutch Livability Score

Of 13.651 imaggair votes by participants during the workshogs,,451 unige image pair votes were
registered2200 Duplicate votes had been cast within the voting applicattua number of duplicates
was partly caused by a software bug in the PARTIMAP application, which led one image pair being
voted 1515 timesThe consistencypetweenparticipants within the registered duplicate votes was
90.6%. Duplicate images pairs were aggregasedl assigned a voting outcome based on the 75%
majority vote The aggregated votegere usedd rank the 660 image tiles present within the voting
application by using the TrueSkill ranking algorithm. From this, a livability score was deriked. T
mean granted livability score was 0.49 (normalized ohlas@ale), with a standard deviation of 0.17.
The distribution of scores exhibited minimal skewness (0.035), indicating a nearly symmetrical
distribution. The geographical spread of the image tiles and its associated livabifitgsented in
Figure 21. Samples of the image tiles and the scoresbeaimspected ifrigure 22. A independent-
test revealed that the means of the Dutch and Accra livability sdiffeed significantly (t (658 = -
2.57;p<0.05.

A Pearsonds correlation test revealseotes wereat t he
significantly positively correlatedr(658) = 0.68, p < .00I'he outcome of the test indicatadtrong
positivelinearcorrelation.

Livability Score Granted by Dutch Participants

Legend
Livability Score
Normalized (0-1)
n = 660

B 0.00-036
[ 037 - 0.45
[ ]o46-054
: 0.55 - 0.63

g o o ] : : : 1IO Kilometers B o64-1.00
L1 L1

Figure 21: Livability score granted to 660 image tiles by Dutch participants
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0.32
Figure 22 Samples of Dutch Livability Scores

By subtracting the Dutch and Accra granted livability scores, a difference score was calculated. This
score provided insight into the difference in the perceived livability of the groups. The difference score
allowed for a ranking of tiles, based on thghr preference of one group over the otheFiduire 23,

the five highestanking tiles that were preferred by the Accra group over the Dutch group are presented.
What is noticeable from these five tiles that were voted on as more livable by the Anguasgthat

three of them showed industrial areas. These were characterized by large buildings and asphalt roads.
Visual analysis of the top 20 ranked images with difference scores higher for the Accra group revealed
that 11 of these images included a &ammotorway.

[NLscore: 0.08 0.17 0.41

AN, /s a L
[ACC score:0.56 0.60 0.83 0.41
Figure 23: Highest ranking difference tiles that were preferred by Accra participants

In Figure 24, the five files with the highestinked difference score that were preferred by the Dutch
group over the Accra group are presented. What is noticeable in these images is the prevalence of green
space. Furthermore, the image tiles that showed beachepnefeed most by the Dutch group over

the Accra. Out of the six image tiles that were visibly situated on the coast or the beach, the Dutch score
was, on average, 0.26 higher.

[NL score: 0.54 0.92 i 0.87 |

[AcC score:0.03 0.49 0.46 0.06 0.48 |
Figure 24: Highest ranking difference tiles that were preferred by Dutch participants
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4 3 Al -Voter Validation

TheAl voting model trained with the datallected by the Dutcparticipantsvas validated using a 5

fold crossvalidation (CV) approach to assess its generalization performancBuidtelivability score

was divided into five subsets, with each fold serving as a test set once while the remaining four were
used for trainingThis procedure ensuresbustness by reducing the dependencg simgle traintest

split and providesa comprehensive measure of model performaluging training, performance
metrics such as binary accuracy and loss weseitored Early stoppingvasimplemented to prevent
overfitting. The validation results indicated varying accuracy across different(iatke7).

Table 7: Accuracies of the different folds of NL Alvoter, validated with Dutch votes
Fold 1 2 3 4 5
Accuracy 69.2% 69.9% 66.5% 70.1% 68.2%

To furtherprevent overfitting an ensemble model was trained to combine predictions from multiple
trained models, leveraging the strength of each individual model to improve overall predictive
performanceThe overallaccuracy of the ensemble moaels69%.

The Dutchtrained Alvoter was also validated with the votes ldkedl by Accra participants during
livability assessment (Campomanes, 2025). The results of-fbld Brossvalidationarepresented in
Table8. The overall accuracy of the ensemble Dutch Al voter validated with Accra labelled training
data wa62%. This means that the Dutch trained-vdter was able to accurately predict a pairwise
imagecomparisoroutcome ofan Accra participanmore often than by chance.

Table 8: Accuracies of different folds of the NL Alvoter, validated with Accra votes
Fold 1 2 3 4 5
Accuracy 53.0% 66.70 54.2% 58.8% 47.6

The predicted livability scores of the Dutch and Accra trainegodr were compared and ranking
according tahegreatest differences. The five image tiles for which the Accra trainedt predicted

the highest livability score compared to the DutchvAler are presented Figure 5. These image

tiles are similar to those Irigure 23. Four of the images are characterized by the presence of asphalted
motorways.Out of the top 20 ranking images, eleven displapmparable motorwaylhis similarity
between the divergence of the livability scores and the predicted livability scores indicated that the Al
voters generalized well.

0.60 0.63 |

[NLAL:  0.59 0

|ACC AL:  0.92 0.33 0.93 0.90 0.93 |
Figure 25: Highest ranking difference tiles of Accra trained Al-voter score over Dutch Alvoter score

In Figure 2, the highestanking image tiles ithe difference score of the Dutch Abter over the

Accra Al-voter are presented. What is noticeable, is that the beaches on the Gulf of Guamesemte

in four of them. These images were predicted with a very low livability score (<0.10) by the Accra
trained model. The fifth highest ranked image is mostly covered by greenery. This divergence of
predicted livability scores is in line with the digenceobservedn Figure 24
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|[accar: o 0.06 0.03 0.07 0.70
Figure 26: Highest ranking difference tiles of Dutch trained Al-voter score over Accra Alvoter score

4.4 Exploratory Data Analysis

In this section, theredictedivability scoreof the Dutch trained\l voter weresubjected tanspection

by metricsof distributionandspatial autocorrelatio The predicted livability scores were normalized

on a 01 scale, yielding a mean of 0.58D = 0.11, n = 7,213Moreover, the distribution of the

predicted livability score is slightly bimodal, with peaks at values of 0.45 and 0.55. A histogram of the
distributioncan be found i\ppendixB.

The spatial distribution of thpredictedDutch livability scoreas seen irFigure 27, shows that the

scaes arenot distributed evenly across theidy areaTowards the western part of study area, lower

values tend to prevail, compared to higher values in theMgighborhoods that score particularly low

are Nima, Adabraka, New Russia and parts of Mamobi. The Ministeries district, University of Ghana

and the neighborhood Victoriaborg are characterized by higher valuekcaligesof these districts

can be examined in Appendi

The clustering of valwues was quantified using th
Theanal ysis using Queen Contiguity yielded a GI ol
using standard contiguity. The observed Moranods
randomness, as indicated by-acore of 195.20 angk .0001, confirming spatial clustering in the data.

“

Fire 27: Spatial distribution of Dutch Al -voter predicted livability scores
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Figure 28: Output samplesof Dutch Al-voter predicted livability score

Closer visual inspection reveals that clusters of low livability scores are characterized by higher building
densitieslack ofpaved roadand sparse vegetatioas seen in theamples inFigure 28. Moreover, the
buildingswithin the lower score samplase al® smallerin surface areand more densely built upan

the buildingswithin the samples of the higher scare®wever, a more detailed analysis is needed in
order to draw conclusions about the importance of these physical characteristics intaeliatdiity
perceptiorof the Dutch participants
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45 Comparing Livability Predictions of Al-Voters
In this section, the results of methodology section 3.4, thehmasanalysis, are presented.

4 5.1 Global Differences Betweer\l -voter Predictions

The predicted livability scores of both Aloters werenormalized on a’ill scale The mean predicted
livability score of the AccrdrainedAl voting model was 0.52with a standard deviation of 0.1%he
predicted scores of the Accra-Rbter exhibited a skewness e.24. The Dutchpredictedlivability
score follows @imodal distribution, with a mean of @.5

A paired ttest was conducted to compare phedictedivability scoresof the twoAl voters. The results
indicated a statistically significant difference (t = 35.67, df22T p < 0.®@1). The mean difference
between the two scores was 0.027, with a 95% confidence infEneaiest indicates that the true mean
difference is not equal to zero, with a mean difference ofS0Rigure 2 visually illustrates these
distributions.

TT
11 —— NL Score
L — Accra Score

Density
00 05 10 15 20 25 30

0.0 0.2 04 0.6 0.8 1.0

Livability Score

Figure 29: Density Plot of Accra and Dutch trained Al-voter livability score predictions

As these distributions are a product of the normalization of the ranking explained in Section 3.3.4, a
negatively skewed distribution indicates that the pool of images contains fewer average or weaker
images and more highscoring imagesThe slightly negativelyskewed distributior(-0.24) for the
predicted livability outcomes of the Accra trained Al vaevealedhat fewer images predominantly

Al osto a comparison vote, with the majority of
The predicted livability scores by the Dutch and Accravéiiers were found to be highly positively
correlatedr(7211) = 0.67p < .001.However, the correlations between the predicted scores vary when
considering the types of buillp from the LCZ dataseFi{gure 30).

For the builtup compact lowrise astrongpositive correlation was fourr@3799)=0.75 p <.001 The
significantmean difference for the predicted scores within this‘oltluster was 0.01, with a higher
meanscoe (0.43)for the Accra Alvoter, Furthermore, the range of observed livability valuiisin

this clustewas greater for the Accra Adoter Figure 31).

The built-up cluste open lowrise, revealed amoderate positive correlatidmetween the predicted
livability scores of the Al voterg2397) =0.54, p < .001 A significant mean difference was observed
between théetween the Aloters TheAccra Al-voter on average predicting a livability score of 0.61
compared to 0.57 by the Dutch-pbter.

Large lowrise, showed aery weak positive correlatiarf912)= 0.19, p < .001, between the predicted
scores of the Aloters. Within this cluster, the mean score difference was 0.07, and on average the
Accra voter predicted a livability score of 0.71.

Finally, thebuilt-up clusterfisparsely buith showed a very weak correlatiof84) = 0.18p > 0.05.
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R=0.75, p<2.2e-16 .

R=0.54,p<2.2e-16 ‘a’s ®
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Figure 30: Scatter plot of predicted livability scores of both Alvoterswi t h Pear sonépitbycorr el at
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Figure 31: Boxplot of predicted livability score of both Al-voters, split by LCZ cluster
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Using the raster calculator in ArcGIS Pro, the predicted livability scores by both Al voters were
subtracted from each other. This difference score was evaluated for spatial autocorrelation. This
analysis resulted in a Global Moran's | d@.The corresponding-gcore of 59.74 angpl<.00lindicate

that the observed spatial autocorrelation is statistically significant. This suggests a moderate level of
clustering in the data, meaning that areas with similar difference scores tend to be located near one
another.The spatial distribution of the differences in predicted scores by thetais is presented in

Figure 32.Samples of the difference scofigure 33)suggesthat thepresencef green spaceasa

likely predictor of a highepredictedivability score granted thedch trained Al wter. In the following

section, the results of the random forest model application will give insight into the relative importance
of spatialfeatures within the bultip areas.

-2SD -1SD

Figure 33: Samples of differences score
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45.2 Random Forest Regressioand Feature Importance

In total, five random forest models wedeveloped Table5). First a random forest regression model
was created for the prediction of the raw livability scores as voted on by the participants. In total, 660
tiles were used in the regression model, with a 90/10 training to testT$pditmodel managed to
explain 49.1246 of the variance within the Dutch livability scor&econdly, with identical
hyperparameters, the livability score of the Accra participants was mo¢ietle3.01).

Third, arandom forest regression model was employigd the predicted livability scorey theDutch

Al voter as the dependent variabMoreover a random forest model wasvelopedwith the Accra
resident predicted livability score #s dependent variable. Lastly, the difference score, which is the
Dutch livability score minus the Accra livability score was selected as the dependent vditiable
independent variables were the same across the n{ddéle6).

For the RF regression models with-ydter predicted scores as dependent variatiledatasatwere

split into 70% training data and 30% test data for model evaluation. Theswadtiained using 1,000
trees, withsix variables considered at each split (mtrg)<from a total of6é assessed variableEhe
results can be inspected Trable 9. Both the Dutch and Accra livability score models provided a
reasonabléit, explaining aroun@®0% of the variance. The difference score model however performed
poorly, explaining1l7.9® of the variance within the dependent variable. Tihificates that a
significantportion of the variance remains unexplainddreover, given that the mean difference score
is 0.027, the predictions by the RF model haRMSEE triple the actual mean of the target variable.

Table 9: Resultsof RF regression models

RF Model R? RMSE
Dutchscore 49.14 0.13
Accra score 43.01 0.13
DutchAl-voterpredctedscore 60.66 0.07
AccraAl-voterpredctedscore 61.61 0.0
Difference between Alvoter 17.90 0.09

predictedscaes

By using the feature importance tool within theslRdomForegpackage, insight was delivered into the
contribution of variables to the predictive performancehef RFmodels. This metric should not be
confused with aorrelation coefficient, as the relationships between the variables and the predicted
scorewerenonlinear.As seen irFigure 34, the independent variable NDWias an important predictor

for both the Dutch and Accra score RF models. However, within the Dutch score RF model, the
importance 6NDVI relative to the other predictive variables is greater compared to the Accra score
RF model.The independentariablemean intetbuilding distancevasthe most important predictor for

the Accra score livability model.

Whilst the feature importance delivers NDVI

insight into the predictive performance of

an independent variable, it does not tell building

anything about the direction of the distance

relationship. Therefore partial dependencecentroid

plots were used to show the marginajcorner dev RF Model
effects of a fetre whilst all other features 3 -
were kept constar(Eriedman, 200)L For ~ rectangular o
the Dutch and Accra livability score RF Md&X

models,the variables NDVImean inter  piiding

building distanceand water displayed adjacency

deviating relationships T@ble 10). The
other predictors showed samilar pattern
(AppendixC).

water

0.0 0. 0 0.

25 ).5¢ 1.00
Level of Feature Importance, Normalized

(’5-1)
Figure 34: Relative Feature Importance for the Dutch and Accra
Livability Score RF Model
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Table 10: Partial dependence plots for the Dutch and Accra livability score RF models

Result

Partial Dependence Plot (log standardized)

NDVI

The partial dependence plots of bc
the Dutch and Accra RF mod
revealed a deviating pattern
relation to the predictive variabl
NDVI (Normalized Difference
Vegetation Index). Whereas tt
Dutch livability score is lower thal
the Accra livability scorefor low
NDVI ranges <0.13, it was highe
within the range of 0.18.25. The
Accra livability score stagnates aft
the 0.15 NDVI threshold, an
moreover seems to slightly low
with increasing NDVI values.

0.7
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RF Mod
NL_
— ACC

Mean interbuilding distance

The partial dependence plots of t
Dutch and Accra livability score R
models for the log transforme
predictmean interbuilding distance
revealed that for values <2.3, tl
Accra livability score is lower thai
the Dutch score. However, tt
Accra score steeply increas
between intebuilding distance
value range 1.5 after which it
stagnates. The Dutch sco
decreased after mean interlolirig
distance log 2.89 meters).

06

[=]
w

RF Model

NL_score

=== ACC_score

Partial Dependence

o
~

0.3
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Water

The partial dependence plots of t
Dutch and Accra score RF mode
for the predictor surface water,
revealed diverging trends. Where
the absence or very limited preser
of surface water results in a high
livability score for the Accra voter
compared to the Dutch, the oppos
was true for higher surface wat
values, which were present with
the mastal parts of the study are
Moreover, the Dutch score
positively correlated, whilst th
Accra score exhibited a negati
correlation.
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For the RF models of the predictédability scores by the Dutch and Accra-¥dters, thefeature
importance plot revealed a stark similarity in the importance of predictive vari&@a#s.models
depended the most on the predictean interbuilding distanc®llowed by NDVI,building adjacency
andequivalent rectangular indegspectively. Moreovethe amount of surface water didt emerge
as an importantcontributor to the predictive performance for both models.

building
distance

NDVI
centroid
, corner dev. RF Model
% . Accra Al-voter
& -
building B ouch Alvoter
adjacency

rectangular
index

water

0.00 0.25 0.50 0.75 1.00
Level of Feature Importance, Normalized (0-1)

Figure 35: Relative Feature importance between RF models of Dutch and Accra Aloters predicted
livability score

Out of the6 assessedredictors, only the variable ND\showeda visibledifference within the partial
dependenceplotsof the RF Alvoter modelswhich can bénspected irFigure 36. Overall, the Accra
Al-voter displays a greater range of predicted livability scores compared to the DuicheAl
Moreover, both plots show a decrease in predicted livabilty scores at NDVI (0dg)Rar the Accra
Al-voter, the predicted livability scores stagnate at 0.56 from NDVI (log) &nliard. This is in
contrary to the Dutch predicted score, which peaks at fmb3iigher NDVI values.The partial
dependence plots of all the iables are included in Appendix X.
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Figure 36: Partial
dependenceplot of RF
pred. Al-voter scores and
NDVI (log)
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454Anselin Local Mor anods | Cluster Results

Theresultsofthdn s el i n L o clagkr andlgsis af thé greditted scores by the Dutch and
Accra Al-voters are presented Figure 37. A strong visual similarity can be observed between the
clustering of predicted scores.
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Figure 37: AnselinL o c a | Mor ands | -wainedAuvoters and Accr a
The results of thelustering of the difference score of thevdters withAn s el i n L o are | Mor a

presented ifrigure 38. Clusters with more than 30 cells were labelled and a mean difference score for

these clusters was calculated, of which the outcomes can be inspélgdeitil. Some clusters, such

as cluster 1 and cluster 7 contained relatively many outliers. This might potentially indicate that the
difference data was more noisy within these clusters compared to clusters with relatively few outliers,
such as cluster 2 and cles 3. This is also reflected in the mean difference scores for the cli#siers.

the calculation of the cluster mean scores, adjacent LH or HL outliers that were not completely
contained within either a LL or HH cluster were excluded from the anals@n difference scores
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were noticeably lower for clusters 2, 3 and 8. Visual inspection revealed that these clusters had a sharp
overlap with industrial districtdVioreover, these clusters also incorporated large asphalt motorways,
which were found to visually correlate with divergence in score as described in sectionHgare

39, visual samples of the labelled clusters are presented.

ure38:Outcomes of clustering of difference score based

Table 11: Identified clusters of difference between Dutch and Accra Aloter

Cluster LCz No. of  Districts within Cluster (Appendix Mean Mean Difference Score
ID Tiles E) Pred. Pred. (NL-ACC)
Dutch Accra
Score Score
1 3 751 Korle Gonno, New Russia, Official 0.37 0.33 0.04
Town, Gbegbeyise
2 3 32 North industrial area 0.52 0.60 -0.08
3 3,8 40 South industrial area 0.58 0.70 -0.12
4 3 70 Nima, Kotobabi 0.36 0.34 0.02
5 3,6,8 110 Victoriaborg, Ministeries 0.57 0.67 -0.10
6 3,6,8 38 Airport residential area 0.63 0.74 -0.11
7 3 77 Apapa, La 0.42 0.39 0.03
8 3,6,8 248 Industrial area, Airport Hills 0.56 0.64 -0.08
residential area
9 3 33 Teshie old town 0.42 0.40 0.02
10 3 65 Nungu Salem 0.46 0.44 0.02
11 3,6 35 Sakumono Estates 0.54 0.62 -0.08
12 3,6,8 324 Tema 0.61 0.70 -0.09
13 3 23 Ashaiman 0.45 0.43 0.02
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5. Discussion

This study aimed to investigate the ability of an outsider perspective to serve as a proxy variable of the
local livability perspective in DUA mapping using a deep learning appr@sth.on the perception of

urban livabilityof the AccraTema city region was gathered fpgrticipantdrom the Netherlands using
pairwise image comparison methoilkis data was used to train an Al livability predictor, the outcomes

of which were compared to the resultgpoéliminary studies (Campomanes, 2026hducted together

with local Accracitizen scientists

This chaptediscusses the findings of the research, as guided by the main research qgliestibat

extent is an outsider livability perspectivegpeoxy variableof the local perspective in the context of
urban deprivatio? Moreover, the implications of these findings will be discussed and evalogted
supplementary literatur&inally, the limitations of the research will be addressed and destuss

5.1Main Findings

As it seems, we can accurately predict the livability assessment of local citizen scientists 56% of the
time with the outsider perspective Al model, compared to 70% of the locally trained Al model. A
moderate positive correlation was found between théilitsascores of the models. Moreover, the
study found a significant difference between the groups in the livability scores attributed to the Accra
Tema study area. This score was derived from the pairwise image comparisons, indicating that the
average Ac@a local perceived livability was significantly higher. This was also observed in the
predicted scores by the models. The difference between the scores was, however, not evenly distributed
over the study area. It was found that the predicted scores ahbais correlated strongly in clusters

of compact lowrise builtup; the correlation was not strong enough to serve as a proxy, but it was
notably close. This was very different for the open-fese clusters, where correlations between the
predicted scas were weak. This points towards the stronger need for the incorporation of the local
perspective in open lowse builtup areas compared to compact{nse.

Furthermore, the research findings point to the role of spatial features in the difference in perceived
livability between the Accra and Dutch participants. This is particularly evident in the case of
motorways, green spaces, and surface water. Thesagmitidicate that the need for the inclusion of

the local perspective is stronger in certain areas depending on the local environment.

5.2 Overall Livability Perception Differences

The average livability score of the Accra participants was significantly higher than the livability score
of the Dutch group. The Al voter that was trained with labeled training data from Dutch participants
achieved a prediction accuracy of 69%. Givenliitnéed image size on which the model was trained

(20 x 20 pixels), this was considered a strong accuracy. In comparison, the Al voter trained with Accra
data (Campomanes, 2025) achieved a prediction accuracy of 70%.

Overall, a moderate positive correlation was found between predicted livability sceriesn @reas
howevershowed a higher degree of correlatidhis was most notably the case for the LCZ cluster of
compact lowrise. On the contrary, a weak correlation (p <.001) was found for theubuiitpes of

large low rise. This implies that the need for inclusion of the local perspective in livability nopdeli
much more urgent in these areas. Hence, when local livability data is scarce, researchers saurd focu
data collection within these buillp types. In such a scenario, livability data on compact;rissv
clusters could be supplemented with an outsider perspective for the sake of data collection efficiency.
The higher mean livability and the negatively skewed distribution of the Accra livability score
compared to the Dutch score indicates that certain image tiles within the study area were preferred by
the Accra participants.

A possible explanation for the higher mean livability score of the Accra group is rooted in
environmental psychology. The place attachment theory (Giuliani, 2003) describes the positive
evaluation and sense of attachment of people to the places in wéyclivién Bandauko et al. (2023)
found that inhabitants of DUASs in Accra €20), despite faced hardships, generally report a positive
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sense of place attachment. This is underscored by Adewale et al. (2020), who found that 63% of DUA
residents in Nigerialn = 856) were attached to their home communities. The lack of familiarity and
place attachment to the study area by the Dutch participants could also be a contributing factor to the
mean lower livability score of this group.

5.3 Livability Perception Differences of Spatial Features

Depending on the presence of surface water within an image tile, Dutch and pacticgpants
attributed different livability scores to it, as seen in the partial dependence plots of the RF models.
Whereas the relationship of the Dutch granted livability score to surface water is positive, the reverse
was observed for the Accra participant groLipe differences in livability perceptions regarding surface
water may be attributable to the specific local context of water bodies and beaches in Accra.

As stated by Adiku (personal communication, January 29, 2025), water bodies within the city are
heavily polluted and poor sanitation remains a pressing issue. As a result of this, the risk of infectious
diseases such as diarrhea, typhoid, and cholereresised (Abraham et al., 2016).

Additionally, recurrent flooding exacerbated by inadequate drainage systems contributed to worsening
living conditions in various parts of the city. This is consistent with the research by Oguge et al. (2021)
and AsumadtBarkodie et al. (2017). DUA residsrare disproportionately affected by these floodings
(Amoako, 2016).

These factors are likely to play a role in the negative association between surface water presence and
perceived livability among Accra participants. A study by Abraham et al. (2016) found that 85% of
members of Accra districts with low infrastructure psian (n =127) perceived urban surface water

as contaminated with human waste. The Accra participants voted image tiles containing surface water
as less favorable because of these associations of pollution, disease, and flooding.

The lack of local knowledge about the study area could be a possible explanation for the higher livability
score given by the Dutch participant in relation to surface water. The presence of canals, and especially
beaches, had a positive impact on the Dp#aticipant's livability score. Dutch participants might have
related those to familiar beaches, which in the Netherlands are not as heavily polluted as the beaches
present within the study area (Boateng et al., 2020). These findings imply that urbalityliva
assessments are highly contegecific. The view of the Dutch participant group that Accra beaches

are a favorable place to live does not correspond with the reality of these places. This raises serious
doubts about thase of arputsider viewas a proxyof the local perspective. Thus, it underscores the
strong necessity of including local residents in DUA modeling. Failing to take the local perspective into
account and relying on an outsider's view could even lead to health risks, as potendetigamn

surface water bodies and polluted beaches were identified as very livable by this Dutch group.

Green spaces as quantified by NDVI, proved to be a more important predictor for the livability score
for the Dutch group. This is reflected by the results of the feature importance and partial dependence
plots livability score RF models. The emphasis ogetation by Dutch participants may stem from
green spaces being a prominent factor within the Dutch public discourse on livability (Mandemakers et
al., 2021).

The comparatively lower measured preference for green spaces among Accra participants could be
explained by the local context of Accra. According to Adiku (personal communication, January 29,
2025), the city is rapidly losing its public green spaces, wikicimderscored by Adjetey et al. (2023).

Adiku stated that as of 2025, most welhintained green spaces in Accra were located within private
estates developed by companies that prioritize environmental quality to enhance property value.

Green spaces aseknowledged by Accra DUA residents%£ 395)as contributing positively to urban
livability (Cobbinah et al., 2021). For higher NDVI values, a stagnation in livability score by the Accra
group was observed. The image tiles featuring these higher NDVI value, often depict empty areas or
built-up resemling gated communities. This restricted accessibility of these greenspaces within gated
communities is associated with lesser opportunities for social interaction, which negatively contributes
to perceived livhility. This is underscored by Abankwa and Quaofio (2020), who stated that members
of the lower socioeconomic groups in Accra tend not to have access to green spaces outside of the
vicinity of their neighborhoods.
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The higher mean livability and the negatively skewed distribution of the Accra livability score
compared to the Dutch score, indicates that certain image tiles within the study area were preferred by
the Accra participants. From the ranking of the diffeeebetween Accra and Dutch livability scores,

it was found that tiles containing asphalted motorways were voted on much more favorably by the Accra
participants than the Dutch participants. Research by (Khanani et al., 2020) in Accra found that road
infragructure projects facilitated economic opportunities to the residents of nearby communities. The
study also found that accessibility to services such as hospitals and schools improved. Furthermore,
asphalted roads in Accra do not turn into untraversablk pools after heavy precipitation. Research

by Andreasen et al. (2022), found that over the course of a year, half of Accra residet@®8)were

unable to travel within their neighborhoods for one or several days because of heavy rainfall. The
vulneraility of the road network in Accra to rainfall was further underlined by Mealkmisen et al.

(2023).

Furthermore, a difference in perceived livability arose between the participant groups in relation to the
urban morphometric intdsuilding distance. The feature importance derived from the Dutch and Accra
livability RF models revealed that this metric wae most important predictor for the Accra score,

with the partial dependence plot revealing a positive relationship. For the Dutch livability score, the
interbuilding distance was of lesser importance. The partial dependence plots showed that the highest
level of interbuilding distance, was perceived as less livable by the Dutch group, with livability scores
being the highest at 9 meters.

5.4 Clusters of Predicted Liv ability Scores

The clustering of the predicted livability scores of both Al voters was very similar. This implies that

the outsider perspective is useful in identifyin
| revealed three clusters of difference imrss that sharply overlapped industrial areas, which were
predicted as more livable by the Acdrained Al voter. The higher livability score of these areas was

also reflected by the training data. As the buildings in this image tiles are of distinandizhape,

overall the large buildings and a regular layout, it is likely that theotrs generalized well to similar

structures. Furthermore, the industrial districts are crossed by asphalted motorways, which were found

to be visually correlating wittifferences in livability score. Most clusters, however, did not align with

a visible pattern of budup. A limitation of the Advoters is that it lacks interpretability, which is further
compounded by the fact that it handled different image moddliggshuman participants.

55 ResearchLimitations

The validity and generalizability of this research were impacted by various limitations. First of all, the
sample size of Dutch participants was relatively snma# 66), and the reliance on the chaeferral

sampling method impacted the representativeness of the s&uapléo the limited amount of training

data available, the Al voter might have overfitted to patterns specific to the trainind ldatstudy

primarily involved young participants aged 18 to 28, predominantly with higher education backgrounds
and an uneven geographical distribution across the Netherlands. Further research should include a more
diverse range of participants to preveamgle biases frormfluencing the outcomess the outsider

group sample might havéad a skewedperception of livability This would strengthen the
generalizability of the research.

Perceiving livability through RS imagery in itself has its limitations. For the evocation of livability
perception, the participant was only presented with a visual stimulus. However, perception is also
constructed by sounds, smell, atmosphere, etc. Afioigmation is obviously not present in RS imagery.

The spatial unit of analysis used within this research, the 200m raster tile, allowed for the assessment
of livability perception on the city scale. Within the voting application, images presented to the
participants were of a spatial resolution of 0.5 meters. Hence, this biased the participants towards voting
for physically larger image features, as features smaller than 0.5 meters could not be visually derived
from the images. Another limitation that aedsom the 200m tile size was that participants mentioned

that they occasionally perceived conflicting cues related to livability within distinct sections of a single
image tile. In other words, a section of the image was perceived as livable, whilstr avetimot. This
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diverge of perceived livability within an image tile is a likely result of the spatial heterogeneity of the
study area. While smaller tiles could reduce this issue, they would exponentially increase the votes
required for pairwise comparisons, making thpraach more resourgstensive. In addition, a smaller

tile size would have the drawback of providing less spatial context to the participant.
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5.6 Recommendations

Future studies could investigate thgplication of the outsider perspective as a proxy variable within
research on livability of thieuilt-up type compadbw-rise It was found in this research that the insider
and outsidetivability scoreswereclose to a very strong correlatiofuture research could therefore
investigate on how to combine outsider and insider livability sdoresmpact lowrise builtup to
develop a better understanding of the local perspective when local livability data is scare.

Second, future research could investighten informed outsider perspective would correlate more
strongly with local livability perceptiorin this research, participants had no prior knowledge of the
specific local context of urbanization in the study areairByrming participantsbeforehancn the
local context andocal perceptions of livability, the prediction accuracy of the model might be
improved. This could strengthen the case for the use efawahparticipantsn the mapping of DUAs.
Third, the findings of the research suggest that the outsider perspective can be useful for the prediction
of patterns of livability on the macro scale. Future research could investigate conthatngscale
livability assessments from local and outsider perspectives.
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6. Conclusion

This study examined thability of outsider perspectivéo serve as a proxy of tHecal livability
persgective within the AccraTema city region using a deep learning approach. Dutch participants
provided livability assessments through pairwise image comparisons, and these outcomes were
systematically compared with those of local Accra residents.

Overall, the study foun@é moderately positive correlation between the scomdsch manifested
unevenly across space. Correlations between the predicted livability scores ranged considerably based
on the type of buitup. Within clusters of compact low rise, a strong positive relationship was found
between the local and outsiderppectives, whilst open low rise showed a weak correlation.

The findings underscore the necessity of the integration of local perspectives in DUA mdeing
correlations between the local and outsider perspective were found to be too weak for the outsider
perspective to serve as a proxy variable.

The difference between the local and outsider perspectives varied depending on spatial features. Accra
participants assessed areas with lower building densities, less greenery, and asphalted roads as more
livable, which was particularly evident in indusiriareas. Conversely, the Dutch participants had a
higher preference for green spaces and beaches. The latter, in particular, is a likely result of the Dutch
participants lacking local environmental knowledge, stressing the need for the inclusion afathe lo
perspective.

The accuracy of the outsider Al model in the prediction of the local perspective, together with the
clustering analysis of Apredicted livability scores, revealed that while outsider perspectives may be
usefulproxyfor identifying macrescale patterns, they amainsufficientproxy forthe local perspective

on the smaller scale

In sum,the overall correlation of th@utsider perspectivevere found to too weafor the outsider
perspective to serve as proxy variabltie findings reinforce the necessity of including the local
perspective in DUA livability assessmeriuture research could focus on finding avenues for
leveraging the outsider perspective in a complementary ralenipact buikup environments.
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