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Abstract 
 

The rapid growth of cities in low and middle-income 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 deep learning 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 participants from 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 for an AI livability prediction model.  

The predicted livability assessment of the trained AI model (outsider-trained 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 rise, a strong 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 green spaces 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 avenues for leveraging the outsider perspective 

in a complementary role in data-scare 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 to be living 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 mental well-being (Subbaraman et al., 2014). 

It is therefore a priority of the United Nations (UN) to improve 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, Ghetto, and Barrio. 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 fail to represent 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 middle-income countries 

(LMIC)(Abascal et al., 2022). Worldwide population growth, particularly 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). The UN Population 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 al. (2022) 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 a self-perpetuating issue. Without 

spatial data for these areas, survey samples and field data collection are more prone to underrepresenting 

deprived communities in national censuses and 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 of non-representative sampling frames (Abascal et al., 

2024; Lucci et al., 2018). According to Mahabir et al. (2018), census-taking is a time, labor, and 

resource-consuming 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 cost-effective alternative to resource-intensive census-taking 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 objects in the sub-meter 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 time-consuming. However, advancements in computational technologies have 

facilitated the automation of such labor-intensive processes. For instance, Taubenböck 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. These data-driven 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., 2021; Li et al., 2023; Yeboah et al., 2021), making 

it difficult to establish a universal definition for their identification in remote sensing imagery. 

Moreover, such a data-driven modeling approach reduces the mapping of DUA to a technical 

classification. While machine learning algorithms can differentiate urban patterns from RS imagery, 

this does not adequately represent the complex socio-technical nature of the DUA. Jochem et al. (2020) 

suggest that such a data-driven approach for the identification of urban patterns 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 data-driven modeling approach, a so-called 'livability approach' considers the perceived 

quality of life of such places. This shifts the focus from a purely information-driven method to one that 

incorporates subjective assessments. Unlike the binary or multi-class classification of the data-driven 

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 al., 2011). 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 al., 2021). This raises the question of whether it would be 

possible to transfer livability assessments conducted by non-local citizen 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 limited geographical scope, assessing 

exclusively  North American and European cities. The follow-up 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 was collected 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. 
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1.2 Research Problem 

 

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 of pro-poor policymakers to design effective 

interventions for enhancing urban livability. Participatory livability modeling with local citizen 

scientists helps to close this gap (Abascal et al., 2024). Local citizen scientists within DUAs are however 

hard to reach. It therefore difficult to measure the local livability perspective of DUA residents.  

The present study seeks to investigate to what extent an outsider perspective can serve as a proxy 

variable of the local livability perspective in DUA mapping. If the local and outsider livability 

perspective were to be very highly positively correlated, then the outsider perspective could be used as 

a proxy variable for the local perspective in data-scarce environments. Hence, such an approach could 

offer a cost-effective, less resource-intensive 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 conditions in DUAs. 
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1.3 Research Objectives 

 

This study aims 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 approach. Within this study, the 

outsider perspective is represented by a group participants The Netherlands. The local DUA resident 

perspective is represented by a group of citizen scientists who participated in preliminary studies 

(Campomanes, 2025) in the Accra-Tema city region, Ghana. By systematically comparing these insider 

and outsider perspectives within an urban morphometrics framework, we aim to deliver insight into the 

outsider perspective as a proxy of the local perspective. This translates to the main research question:  

 

To what extent is an outsider livability perspective a proxy variable of the local perspective in the 

context of urban deprivation? 

 

In order to guide the main research objective, the following sub-objectives and complementary research 

questions have been formulated:  

 

1. To compare the general livability perceptions of Accra between local DUA residents and outsider 

participants from the Netherlands. 

 

To what extent does the general livability perception of Accra differ between the local Accra 

DUA resident group and the outsider group from The Netherlands? 

 

2. To analyze the influence of urban morphometrics on the livability assessments of insider and outsider 

perspectives. 

 

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. To investigate the spatial clustering of differences in livability perceptions between Accra slum-

dwellers and Dutch non-slum-dwellers, identifying patterns and potential drivers of these clusters 

within the urban morphometric framework. 

 

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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2. Literature Review 

 

In this section of the thesis, relevant concepts regarding the mapping of livability 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 depending on the context 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 slum environment, 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 standardization 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 uses. At the 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.  

 

 

 
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 distributed. The majority 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 less attention. Based on the scoping review, a ñdomains of deprivation 

frameworkò was established. The authors proposed this framework with the main goal of offering 

interdisciplinary support to future deprivation characterization studies and to support the advance of 

deprivation mapping operationalization. The framework groups nine 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 

framework is 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 context. In Figure 2, the domains of deprivation within the area level are 

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

2.1.1 Urban Morphology 

According to Oliveira (2016) and Castree et al. (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 a data-driven assessment of urban form. Friesen et 

al. (2019) found that urban morphology is useful for analyzing DUAs, 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 socio-economic patterns in the context of DUAs. 
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2.2 Livability  

Within a society, livability can be understood as: óóthe degree to which its provisions and requirements 

fit with the needs and capacities of its membersôô (Veenhoven et al., 1993). However, measuring 

livability is not straightforward. A scoping review (n = 24) by Dsouza et al. (2023) found various 

definitions and conceptualizations of livability, with 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 prone to the 

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 livability is to be encountered in ranking lists such as the ñGlobal Livability Index,ò 

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 African 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 African city livability:  

 

Western concepts of livability appear to be premised more on cities' global relevance, the strength of 

institutional and democratic structures, and freedom of choice. Africans view livability, however, from 

the perspective of access to basic necessities of life and affordability, a perception formed from a long 

exposure to ineffective urban policies 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 spanning a 19-year 

period (2000ï2019). Among these, only 7 studies (10.45%) employed methodologies at the sub-city 

level, with the remainder conducted at the city or nation-state level. Geographically, the studies 

primarily represented urban contexts in North America, Europe, Asia, and Australia, while African 

cities were notably absent. 

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 of low- and middle-

income countries (LMICs), where a significant portion of the 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 is defined as  the ñscientific work undertaken by members of the general public, often 

in collaboration with or under the direction of professional scientists and scientific institutionsò (Oxford 

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 citizens in citizen science is characterized by various levels 

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 

óvolunteered geographical informationô (VGI). According to Owusu et al. (2021), the mapping of DUAs 

through RS imagery has shown limitations in understanding the 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 (De Albuquerque & 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 homogeneous group despite exhibiting complex social stratification 

(Rigon, 2022). 
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2.4 Deep Learning  

For humans, perceiving livability 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 predominantly do not 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 al., 2016). 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 meta-analysis by Raj et al. (2024) reveals that in the period of 2014-2024, not only the 

frequency of application of deep learning techniques increased, 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 city-wide 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 belonged to 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). 

Moreover, 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 technologies in 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 

AI that focuses on the processing, analyzing, and understanding of digital images. 

2.4.1 Deep learning in relation to AI  

Deep learning can be understood as a subbranch of machine learning within the realm of artificial 

intelligence, as seen in Figure 3. Artificial intelligence (AI) 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 AI dedicated to making predictions without being explicitly 

programmed with specific rules. Machine learning models can be classified by the way that they 

ñlearnò: supervised, unsupervised, 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 supervised machine 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 meaningful way. 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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Figure 3: Relationship between AI, ML, DL, and CNN (Zhang et al., 2022) 

 

Deep learning 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 hierarchical levels, with each layer in the network 

representing a different level of abstraction, hence the name ñdeepò learning. An advantage of such 

multi-layer networks is that they can ñlearnò patterns with relatively little training data in comparison 

to single-layer 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 section will provide 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 supervised deep-learning 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 set, validation 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 the data. 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 final performance. 

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 by means of 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 becomes too specialized 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, leading to a high bias. However, Belkin et al. (2019) have pointed out that this classical 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 networks, 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 image-based 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 cell, or feature 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. This is where the convolutional neural network (CNN) has proven to 

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 inspected in Figure 4. The first layer of the model is the input 

layer. This input layer takes in the raw image data, which is represented in a 3D matrix. The matrix is 

constructed by the height (H) of the image, the width of the image (W) and the number of color channels 

(C). Typically, the input layer receives images that have already been pre-processed, which involves 

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

The second type of layer is the convolutional layer. This layer is characterized by a set of kernels (a 

type of filter), which performs convolutions over the multi-dimensional 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 outputs a feature map, 

which represents the spatial location and strength of the detected feature in the input. After convolution, 

an activation function is used to address non-linearity within the data. A commonly used activation 

function is the Rectified Linear Unit (ReLU), which has been 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. 

 

ὙὩὒὟὼ ÍÁØ πȟὼ 

 

Moreover, the third type of layer present in the CNN architecture is the pooling layer, of which the 

primary goal is to reduce the spatial size of the activated feature maps by so-called downsampling. 

While some of the information is lost during this process, the important structures are however still 

retained in the feature maps. The processing 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 flattened to a one-dimensional 

vector, which are fed into the fully-connected layers, also referred to as ñdense layers.ò The name refers 

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 fully-connected layers are similar to the MLP, as they operate as the classifier in the CNN.  

They take the high-level 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.  

 

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

3.1 Overview of Methods 

The methodology of this research followed the approach presented in Figure 6. The overall 

methodology was divided into three distinct sections: data acquisition, data processing and, deep 

learning model training and post-hoc analysis. Each section is characterized by its research objectives, 

data, and techniques. The following section will provide a concise overview of the methodology.  

The scope of this research was narrowed down to the area-level definition of DUA in the Accra-Team 

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 Accra-Tema City Region (ATCR) 

from an outsider's perspective. 

During a total of nine workshops, participants from The Netherlands (n=56) were invited to gather data 

about their perceived livability of the Accra-Tema 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 preliminary studies in Accra (Campomanes, 2025). Within these studies, CS 

workshops on urban livability perception were conducted with Accra residents (n = 99). The study area 

was divided into a total of 7213 200x200 meter image tiles. A representative sample (n = 660) 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 sample images. Based on the question óWhich is 

a better place to live?ô, participants chose the image from the image pair based on higher perceived 

livability. The assessment or image óvotesô of the participants, was recorded in a database. These sample 

images were ranked 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 sample images by the Dutch participants were 

used as labeled training data for an AI voter. 

 

Section B: AI -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 AI voter developed for preliminary studies in Accra (Campomanes, 2025)(Figure 5).  It 

encompassed two VGG9 convolutional neural networks situated in a Siamese network architecture. 

This architecture enabled the AI-voter to process two image tiles simultaneously and compare them 

using a simple difference and sigmoid layer. An ensemble AI-voter was developed using a five-fold 

cross-validation, in which the recorded participant votes were split 70/30 between testing and 

validation. The ensemble AI-voter achieved a prediction accuracy of 69%. After training, this AI voter 

was subsequently utilized to predict a vote on 6.5 million image pairs that were drawn from the pool of 

unseen images (n = 6463). The predicted votes of the AI voter were thereafter used to produce a relative 

ranking of images using the TrueSkill algorithm. The outcomes of this ranking were normalized, which 

produced a map of predicted livability scores for the study area. 

 
Figure 5: AI -voter (Campomanes, 2025) (figure from Falcao & Papa, 2022) (modified) 
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Section C: Post-hoc 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 the overall differences in perceived livability between these groups and to evaluate 

the role of urban morphometrics in explaining said differences. In order 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 measured. In the case of a very strong positive correlation (Table 

1), the outsider perspective could function as a proxy of the 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 by the AI-voters 

were also modeled within the same RF framework in order to gain insight into the generalization of the 

AI-voters. Finally, the differences in predicted livability scores by the AI voters were analyzed for 

clustering using Local Moranôs I. 
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Figure 6: Overview of approach 
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3.2 Study Area  

The study area resides within the Accra-Tema 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, the spatial unit of 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 residential 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 worldwide 100-meter spatial 

resolution that features a universal urban topology (Stewart & Oke, 2012). The study area is, therefore, 

representative of the different types of built-up with the ATCR. 

 

 
Figure 7: Overview of Study Area 

3.2.1 Accra-Tema City Region 

The ATCR is considered one of the largest and most important urban agglomerations in the sub-Saharan 

region (Figure 7c) and features the capital of Ghana (Figure 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 region of Ghana (Songsore, 2016). According to MacTavish et al. (2023), nearly 

750,000 of these people are estimated to live in DUAs. Inhabitants of these areas lack tenure security 

and face the risk of eviction.  One example of such eviction of is the demolition of the Jamestown 

informal beach settlement in 2020. This settlement served as the center for an artisanal 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 precarious conditions 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 that the colonial legacies continue 

to exert influence on contemporary Accra, with the socio-spatial 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 developments that have shaped the region and the 

contemporary state of DUAs. For simplicity reasons, the ACTR will henceforth be referred to as 

óAccraô. 

Pre-colonial 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 trans-Saharan trade routes arose inland( Korboe & Tipple, 1995).  

The 16th century witnessed the start of colonial exploitation by European powers, who named the area 

óGold Coastô. The forced incorporation 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 coast and gradually 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 modern-day Ghana, Togo, and Benin (Campbell, 1994).  

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 impacted the townôs urban morphology. By introducing 

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 linking Accraôs port to inland farms. This transformed Accra into the Gold 

Coastôs busiest port, with labor shortages at the turn of the 20th century being met by migrants from 

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 infamous 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 period were often 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 evident (Figure 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, which incorporated local 

markets, was neglected in terms of urban planning and heavily segregated from the luxurious villas 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 national self-determination 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 the shackles of British imperialism and was the first 

sub-Saharan 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 with 56 participants from The Netherlands. 

The following sections are dedicated to the selection of the participants, the workshops, and the 

secondary data sources used in the research. 

3.3.1 Participant 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 chain-referral sampling method, a non-probability 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 ensure sufficient 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 conducted in the Vening Meinesz-building 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 4-8 participants and took about 45 minutes from start to finish. 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 necessarily 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 perceived through 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 

different images 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 application (Figure 9). They would be shown two 

satellite images side by side, above of which the question prompted, ñWhat is the better place to live?ò. 

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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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). It was 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 sizes to the screens.  

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 drawn from a sample subset of the study area. 

 

The study area consisted out of 288.5 square kilometers, divided into 7213 200x200 meter tiles. For use 

within the voting application, a 9 % sample of (n = 660) these tiles was selected (Table 2). 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 of Local Climate Zones (LCZ) dataset (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 N0. Cluster Name LCZ  % total 

area 

Sample 

tiles 

% total 

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 

 

  

 

Figure 9: Screen capture of the PARTIMAP web-application image 

voting environment (Abascal et al., 2024) 
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3.3.4 Ethics 

Working with human participants is inextricably linked with ethics. For this research, the guidelines of 

the Dutch code of conduct for scientific research have been applied (Dutch Research Council, 2018). 

On a practical level this meant that participants were informed of the fact that participation in  the 

workshops was voluntary, that 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 reassured that their privacy and data was protected and 

carefully handled.  
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3.2.4 Secondary Data Sources  

Aside from utilizing primary data, secondary data sources (Table 3) were utilized to evaluate and 

analyze the results from Section C of the methodology. 

 
Table 3: Overview of secondary data sources 

Dataset 

name 

Author  Publisher Year Spatial 

resolution 

Data 

type 

Input for  

Accra 

Google 

Earth 

Imagery 

Google, Airbus 

and Maxar 

Technologies 

Google 2024 0.5 meters Raster PARTIMAP  

Voting  

Application 

(Abascal et al., 

2024) 

Accra 

Sentinel-1 

C-SAR 

Band VV 

+VH 

ESA Copernicus 2024 20 meters Raster VGG-9  

Artificial  

voter 

Accra  

Sentinel-2 

Band 3, 4 

and 8.  

ESA Copernicus 2024 10 meters Raster NDVI and 

NDWI 

Open 

Street 

Map 

OpenStreetMap 

contributors 

OpenStreetMap 2024 - Polyline Surface water 

Accra 

Livability 

Score 

Campomanes 

(2025) 

- 2025 200 

meters 

Raster Difference 

score 

Google 

Buildings 

V3 

Sirko et al. 

(2021) 

Google 

Research 

2021 Derived 

from 50 

cm 

resolution 

satellite 

imagery 

Polygon Urban 

Morphometrics 

(Fleischmann et 

al., 2021) 

Local 

Climate 

Zone 

Demuzere et al. 

(2022) 

 

Zenodo 2022 100 

meters 

Raster LCZ clusters 
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3.2.5 Auxiliary variables  

The scope of this research was narrowed down to the settlement or area-level definition of DUAs in 

the Accra-Tema 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 land use (Figure 16). In this section, the auxiliary 

variables, as presented in Table 4 are discussed and supported by figures. 
 

Table 4: Auxiliary variables 

ID  Name Element Category Literature  

NDVI Normalized 

Difference 

Vegetation Index 

Green Space Intensity Input derived 

from 

participants 

Water Normalized 

Difference Water 

Index 

Surface water Intensity Input derived 

from 

participants 

sscERI Equivalent 

rectangular index 

Tessellation cell Shape Wang et al. 

(2023) 

ssbCCD Centroid-corners 

distance deviation 

Building Shape Wang et al. 

(2023) 

lbtIBD Mean inter-building 

distance 

Neighbouring 

buildings 

Distribution Wang et al. 

(2023) 

ltcBuA 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 decision-making process during the pairwise image 

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 Sentinel-2 data 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 Sentinel-2 data, band B4 (664.5 nm) for red light and band B8 (835.1 nm) for near-infrared 

light were selected and processed using the NDVI equation (1). The 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. 

 

ὔὈὠὍ
ὔὍὙὙὩὨ

ὔὍὙὙὩὨ
 

 
( 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 near-infrared B8 (835.1 nm) of the Sentinel-2 dataset 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 built-up. 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 coverage ratio was 1.5%, with a standard deviation of 

5.9%. Sample image tiles with surface waterbodies present are visualized in Figure 11. 

 

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

 
Mean inter-building distance 

The variable of mean inter-building distance was found to be an important predictor for livability by 

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, therefore having fewer direct neighbors. A lower value indicates 

a smaller distance surrounding buildings, which results in more direct neighbors. Samples of image tiles 

used in the research, together with Google Open Building V3 footprints and associated interbuilding 

distance values, are presented in Figure 12.   

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

The variable Building Adjacency, reflects how many buildings tend to join together in order to form 

larger structures (Vanderhaegen & Canters, 2017). A lower value indicates that more buildings are 

adjacent, i.e. they share boundaries. This often results in increased compact built-up. On the contrary, 

higher values indicate that buildings share fewer boundaries, and are more freely distributed over the 

area. Samples of image tiles with building footprints and the associated ltcBuA values are presented in 

Figure 13.  

 

 
Figure 13: Sample image tiles representing building adjacency values (Google Open Buildings V3) 

 

Equivalent Rectangular Index 
The Equivalent Rectangular Index, is an urban morphometric that measures to which degree a shape, 

in our case a building footprint polygon approximates a perfect rectangle. Image tiles with the associated 

sscERI scores are presented in Figure 14.  

 

 
Figure 14: Sample image tiles representing Equivalent Rectangular Index values (Google Open Buildings 

V3) 

 

Centroid-Corners distance deviation 

The Centroid-corners distance deviation, is 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 centroid-corners distance deviation scores are presented in Figure 15. 

 
Figure 15: Sample image tiles representing Centroid-Corners distance deviation values (Google Open 

Buildings V3) 
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Local Climate Zones 

 

  

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

During preliminary studies in Accra (Campomanes, 2025), Accra local residents (n = 99) 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 of the livability score was negatively skewed (-0.26). In the 

preliminary studies (Campomanes, 2025), the votes recorded during the workshops were used as labeled 

training data for an AI voter. The ensemble AI-voter achieved a prediction accuracy of 70%. In Figure 

17, the livability score derived from the participant votes is presented. In Figure 18, sample image tiles 

and associated livability scores are presented.  

  
Figure 17: Livability  score granted to 660 image tiles by Accra participants (Campomanes, 2025) 

 

 
Figure 18: Samples of Accra livability score 
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3.3 Section B: Data Processing and AI -voter training  
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(2) Equation for the number of possible pairs (p) in relation to the number of images (n) 

 
When using the equation (2) to calculate the number of possible image pairs for n = 7213, the total 

amounts to: p = 2.6*107. With an average of 250 casted votes for every participant, 104,040 participants 

would be needed to gather the necessary amount of votes. Attracting this 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 on 

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. Attracting this 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 on the process 

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 learning techniques, this feature extraction is a prerequisite and is 

usually constructed by a domain expert (Indolia et al., 2018).  It is in this case that deep learning 

techniques offer solace, as deep learning techniques overcome the problem of needing pre-determined 

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. 

3.3.1 AI -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 specializes in computer vision. This research group 

developed their own award-winning 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 

ñ9ò referring to the number of convolutional layers. The selection of this shallow architecture was based 

on the 10-meter image resolution of the Sentinel-1 200x200m image tiles, which is only a very small 

image of 20 by 20 pixels. Deeper architectures need larger images to extract meaningful features, hence 

the use of the shallow VGG9. 

The VGG9 was integrated into a modified Siamese network architecture (Figure 5). According 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 weights and parameters. This weight-sharing ensures that both 

networks process the inputs in a consistent manner. The Siamese network model was originally 

introduced by Bromley et al. (1993) for the specific task of detecting counterfeit signatures, but its 

architecture has since been adapted for a wide range of similarity-based tasks. 

The use of Siamese 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 learns to 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 0 if they were similar. However, for the purpose of this model, the 

meaning of these labels 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 the image that ñwonò the vote. The model outputs 

a sigmoid value (between 0-1). 
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3.3.2 Data Pre-Processing 

In preparation of the training of the AI voter, the votes that were recorded during the workshop sessions 

were pre-processed. The main purpose of this pre-processing is to assign a winning and a losing image 

within each pair and to aggregate pairs of images that were voted on more than once. An image ñwinsò, 

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 case of a win for the 

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 and assigned a win ratio. This win ratio is thereafter 

normalized between the value range -3 and 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 

table which consist of image pairs and a win ratio. 

3.3.3 Training of Ensemble AI -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 using a K-fold cross-validation (CV). In this case, 

5 training folds are used. Within each fold, 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. According to Srinivas et 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 1ï2%. In the case of this research, the outputted ensemble model achieved a prediction accuracy of 

69%.  

In order to assess the transferability of the Dutch recorded votes to the Accra recorded votes, the 5-fold 

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

30% of Accra votes as validation data. 

3.3.4 Running the AI  Voter 

Proceeding the training of the models and the creation of the ensemble model, the system was ready to 

perform voting operations. The model acts as an "AI 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, performing voting on all 2.6*107 possible image pairs would require 

substantial computational resources. To address this,  preliminary studies (Campomanes, 2025) 

processed only 25% of all possible image pairs. This ¼ fraction of the possible image pairs was 

randomly selected and resulted in 6.5 million votes by the Accra AI-voter. 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 "preferred" in each 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 AI voter's assessment of livability across the study 

3.3.5 Acquisition of Ranks  

Based on the outcomes of the AI image voting process, a ranking was established. As the trained AI 

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 win-or-lose outcomes, as ranking was calculated using the TrueSkillÊ algorithm 

(Minka, 2017). TrueSkillÊ operates similarly to an Elo-like ranking algorithm, updating scores for 

each image tile dynamically based on the results of pairwise comparisons. For each image tile, the 

algorithm assigns an initial score, referred to as a ñrating.ò As voting results are processed, the scores 

were adjusted by the ranking algorithm, reflecting the relative óstrengthô of each image tile. In the case 
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of this research, this ñstrengthô represents the livability of each tile based on its performance against 

others. The results are stored as raw scores, representing the value from the TrueSkillÊ Rating 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 the highest, which in turn enables the meaningful 

comparison and visualization of the results.  
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3.4 Section C: Post-Hoc Analysis 

Within the final section of the methodology, the post-hoc analysis was conducted. The livability score 

was modelled using random forest regression and predictive variables. Moreover, the predicted 

livability score by the Dutch trained AI voter were evaluated and compared to the outputs of the Accra 

trained AI voter. In order to gain insight into the decision making process of the AI voters, the predicted 

scores of the AI voters were subsequently modelled using random forest feature importance and partial 

dependence plots.  

3.4.1 Global Differences  

The first step was to assess the AI voters predicted livability score using exploratory data analysis 

(EDA). The goal of which was to deliver insight into the performance of the model, by considering the 

(spatial) distribution of score, clustering and outliers. Second, a Moranôs I coefficient test was 

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 the null-hypothesis assuming spatial 

randomness, or homogeneity. It was originally proposed by Moran (1948), and can be considered a 

cross-product statistic between a variable and its spatial lag (Anselin, 2024). The output of the test 

ranges between -1 and 1. A negative Moranôs I indicates that similar values are dispersed, and a positive 

value indicates that similar values are clustered. If the outcome of the test is close to 0, it can be assumed 

that there is no spatial autocorrelation present, meaning that the spatial pattern is random.  

Subsequently, a paired T-test was conducted in order to determine if a significant difference arose 

between the means of predicted livability scores of the Dutch and Accra trained model. Using 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 the first sub-question:  

 

To what extent does the general livability perception of Accra differ between the local Accra DUA 

resident group and the outsider group from The Netherlands? 

3.4.2 Random Forest Regression  

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. Hence, it 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 Accra-trained AI-voters were modelled using RF (Table 5). 

 
Table 5: RF regression models 

Model Independent Variable Predictors 

RF (log) Dutch livability score Table 6 

RF (log) Pred. Dutch livability score Table 6 

RF (log) Accra livability score Table 6 

RF (log Pred. Accra livability score Table 6 

RF (log) Difference in pred. score Table 6 

 

The predictive variables are presented in Table 6. A selection criterion for these variables was that the 

presence or absence of such a variable would be noticeable on the image tiles for the participants during 

the voting process. Therefore the variable slope was excluded, as the study area did not have slopes 

steep enough to be noticeable within a 200x200m image tile. 

The dataset of the variables on urban morphometrics was constructed for preliminary studies in Accra 

(Campomanes, 2025) using the Google buildings V3 dataset (Sirko et al., 2021) and the Momepy 

python package (Fleischmann, 2019). In total, 14 variables related to urban morphology were first 

included in the RF model. However when controlling for multicollinearity 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 presented in Table 6. A detailed description 

of the variables is included in section 3.2.5.  

 
Table 6: Predictors within RF models 

Variable ID  Description 

NDVI  Normalized Difference Vegetation Index 

ltcBuA Building Adjacency 

ltbIBD Mean Inter-Building Distance 

sscERI Equivalent Rectangular Index 

ssbCCD Corner-Centroid Distance deviation 

Water Percentage of area covered by surface water 

 

The analysis was carried out using the R package randomForest (Breiman et al., 2002; CRAN, 2024). 

The data was prepared using log-transformation, in order to reduce skewness of the variables. Within 

the R package, the various hyperparameters were specified. 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 times. The number of variables chosen at random as potential candidates at each split was set to 

Mtry = 3. The choice for this parameter was based on p/3, where p represents the total number of 

variables (CRAN, 2024). The data was split between training data (70%) and test data (30%). Following 

the training and testing of the model, the function importance was used to extract information about 

how important a variable was in the forthcoming of accurate predictions by the random forest model. 

This aimed to answer the second sub-question. 

 

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? 

3.4.3 Clusters of Difference Score 

In order to assess the clustering of the predicted livability scores by both AI- voters, a Anselin Local 

Moranôs I was calculated (1995). Moreover, predicted livability scores were subtracted from each other 

using the raster calculator in ArcGIS Pro. The resulting 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 permutations 

was set to 999.  

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

clusters of positive values, thus implying that the area was granted a higher predicted livability score 

by the Dutch-trained AI voter. The low-low (LL) signifies clusters of negative values, which implies a 

higher predicted livability score by the Accra-trained AI-voter. Moreover, the tool captures low-high 

(LH) and high-low (outliers), in which a value is spatially neighboring dissimilar values. Finally, the 

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 and Accra AI voters. The clusters were visually examined 

for spatial patterns. This procedure aimed to answer the third sub-question: 

 

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 area. Subsection 4.2 covered the ranked image as produced 

by the participant's votes. Subsection 4.3 covers the validation of the livability prediction AI-voter that 

was trained with the data gathered from participants during the workshops. Subsequently, the accuracy 

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 the Dutch-trained 

model and Accra-trained model are presented. Overall differences were evaluated using a random forest 

algorithm. 

4.1 Descriptive Statistics of 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 18-28. 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 The Netherlands, of which the geographic spread is 

shown in Figure 19.  

As seen in Figure 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.  

 

 

 

  

 

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 image pair votes by participants during the workshops, 11,451 unique image pair votes were 

registered. 2200 Duplicate votes had been cast within the voting application. This number of duplicates 

was partly caused by a software bug in the PARTIMAP application, which led one image pair being 

voted 1515 times. The consistency between participants within the registered duplicate votes was 

90.6%. Duplicate images pairs were aggregated and assigned a voting outcome based on the 75% 

majority vote. The aggregated votes were used to rank the 660 image tiles present within the voting 

application by using the TrueSkill ranking algorithm. From this, a livability score was derived. The 

mean granted livability score was 0.49 (normalized on a 0ï1 scale), 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 livability is presented in 

Figure 21. Samples of the image tiles and the scores can be inspected in Figure 22. A independent t-

test revealed that the means of the Dutch and Accra livability scores differed significantly (t (658) = -

2.57 ; p < 0.05). 

    A Pearsonôs correlation test revealed that the Dutch and Accra participant livability scores were 

significantly positively correlated.  r(658) = 0.68, p < .001. The outcome of the test indicated a strong 

positive linear correlation. 

Figure 21: Livability  score granted to 660 image tiles by Dutch participants 
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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 the higher preference of one group over the other. In Figure 23, 

the five highest-ranking 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 Accra group is that 

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 similar motorway.  

  

 
Figure 23: Highest ranking difference tiles that were preferred by Accra participants 

 

In Figure 24, the five files with the highest-ranked 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 beaches were preferred 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. 

 

 
Figure 24: Highest ranking difference tiles that were preferred by Dutch participants 
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4.3 AI -Voter Validation  

The AI voting model trained with the data collected by the Dutch participants was validated using a 5-

fold cross-validation (CV) approach to assess its generalization performance. The Dutch livability score 

was divided into five subsets, with each fold serving as a test set once while the remaining four were 

used for training. This procedure ensures robustness by reducing the dependency on a single train-test 

split and provides a comprehensive measure of model performance. During training, performance 

metrics such as binary accuracy and loss were monitored. Early stopping was implemented to prevent 

overfitting. The validation results indicated varying accuracy across different folds (Table 7).  
 

Table 7: Accuracies of the different folds of NL AI-voter, validated with Dutch votes 

Fold  1 2 3 4 5 

Accuracy  69.2% 69.9% 

 

66.5% 

 

70.1% 

 

68.2% 

 

To further prevent overfitting, an ensemble model was trained to combine predictions from multiple 

trained models, leveraging the strength of each individual model to improve overall predictive 

performance. The overall accuracy of the ensemble model was 69%. 

 

The Dutch trained AI-voter was also validated with the votes labelled by Accra participants during 

livability assessment (Campomanes, 2025). The results of this 5-fold cross-validation are presented in 

Table 8. The overall accuracy of the ensemble Dutch AI voter validated with Accra labelled training 

data was 56.2%. This means that the Dutch trained AI-voter was able to accurately predict a pairwise 

image comparison outcome of an Accra participant more often than by chance.  

 
Table 8: Accuracies of different folds of the NL AI-voter, validated with Accra votes 

Fold  1 2 3 4 5 

Accuracy  53.0% 66.7% 

 

54.2% 

 

58.6% 

 

47.6 

 

The predicted livability scores of the Dutch and Accra trained AI-voter were compared and ranking 

according to the greatest differences. The five image tiles for which the Accra trained AI-voter predicted 

the highest livability score compared to the Dutch AI-voter are presented in Figure 25. These image 

tiles are similar to those in Figure 23. Four of the images are characterized by the presence of asphalted 

motorways. Out of the top 20 ranking images, eleven display a comparable motorway. This similarity 

between the divergence of the livability scores and the predicted livability scores indicated that the AI-

voters generalized well. 

 

 
Figure 25: Highest ranking difference tiles of Accra trained AI-voter score over Dutch AI-voter score 

 

In Figure 26, the highest-ranking image tiles in the difference score of the Dutch AI-voter over the 

Accra AI-voter are presented. What is noticeable, is that the beaches on the Gulf of Guinee are present 

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 divergence observed in Figure 24.  
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Figure 26: Highest ranking difference tiles of Dutch trained AI-voter score over Accra AI-voter score 

4.4 Exploratory Data Analysis  

In this section, the predicted livability score of the Dutch trained AI voter were subjected to inspection 

by metrics of distribution and spatial autocorrelation. The predicted livability scores were normalized 

on a 0ï1 scale, yielding a mean of 0.50 (SD = 0.11, n = 7,213). Moreover, the distribution of the 

predicted livability score is slightly bimodal, with peaks at values of 0.45 and 0.55. A histogram of the 

distribution can be found in Appendix B.  

The spatial distribution of the predicted Dutch livability score as seen in Figure 27, shows that the 

scores are not distributed evenly across the study area. Towards the western part of study area, lower 

values tend to prevail, compared to higher values in the east. Neighborhoods 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 values. The localities of these districts 

can be examined in Appendix E.  

The clustering of values was quantified using the Global Moranôs measure for spatial autorocorrelation 

The analysis using Queen Contiguity yielded a Global Moranôs I of 0.716, compared to 0.641 when 

using standard contiguity. The observed Moranôs I was significantly higher than expected under spatial 

randomness, as indicated by a z-score of 195.20 and p< .0001, confirming spatial clustering in the data. 

Figure 27: Spatial distribution of Dutch AI -voter predicted livability scores 
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Figure 28: Output samples of Dutch AI -voter predicted livability score 

 

Closer visual inspection reveals that clusters of low livability scores are characterized by higher building 

densities, lack of paved roads and sparse vegetation, as seen in the samples in Figure 28. Moreover, the 

buildings within the lower score samples are also smaller in surface area and more densely built up than 

the buildings within the samples of the higher scores. However, a more detailed analysis is needed in 

order to draw conclusions about the importance of these physical characteristics in relation to livability 

perception of the Dutch participants. 
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4.5 Comparing Livability Predictions of AI-Voters 

In this section, the results of methodology section 3.4, the post-hoc analysis, are presented.  

4.5.1 Global Differences Between AI -voter Predictions 

The predicted livability scores of both AI-voters were normalized on a 0ï1 scale. The mean predicted 

livability score of the Accra-trained AI voting model was 0.52 ,with a standard deviation of 0.14. The 

predicted scores of the Accra AI-voter exhibited a skewness of -0.24. The Dutch predicted livability 

score follows a bimodal distribution, with a mean of 0.50. 

A paired t-test was conducted to compare the predicted livability scores of the two AI voters. The results 

indicated a statistically significant difference (t = 35.67, df = 7211, p < 0.001). The mean difference 

between the two scores was 0.027, with a 95% confidence interval. The test indicates that the true mean 

difference is not equal to zero, with a mean difference of 0.035. Figure 29 visually illustrates these 

distributions. 

 

 
Figure 29: Density Plot of Accra and Dutch trained AI-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 higher-scoring images. The slightly negatively skewed distribution (-0.24) for the 

predicted livability outcomes of the Accra trained AI voter revealed that fewer images predominantly 

ñlostò a comparison vote, with the majority of images performing relatively well. 

The predicted livability scores by the Dutch and Accra AI-voters were found to be highly positively 

correlated, r(7211) = 0.67, p < .001. However, the correlations between the predicted scores vary when 

considering the types of built-up from the LCZ dataset (Figure 30).  

For the built-up compact low-rise a strong positive correlation was found r(3799)= 0.75, p < .001. The 

significant mean difference for the predicted scores within this built-up cluster was 0.01, with a higher 

mean score (0.43) for the Accra AI-voter, Furthermore, the range of observed livability values within 

this cluster was greater for the Accra AI-voter (Figure 31). 

The built-up cluster open low-rise, revealed a moderate positive correlation between the predicted 

livability scores of the AI voters r(2397) = 0.54, p < .001. A significant mean difference was observed 

between the between the AI-voters. The Accra AI-voter on average predicting a livability score of 0.61 

compared to 0.57 by the Dutch AI-voter. 

Large low-rise, showed a very weak positive correlation r(912) = 0.19, p < .001, between the predicted 

scores of the AI-voters. Within this cluster, the mean score difference was 0.07, and on average the 

Accra voter predicted a livability score of 0.71.  

Finally, the built-up cluster ñsparsely builtò showed a very weak correlation r(34) = 0.18 p > 0.05. 
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Figure 30: Scatter plot of predicted livability scores of both AI-voters with Pearsonôs correlation, split by 

LCZ cluster 

  

Figure 31: Boxplot of predicted livability score of both AI -voters, split by LCZ cluster 
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Using the raster calculator in ArcGIS Pro, the predicted livability scores by both AI voters were 

subtracted from each other. This difference score was evaluated for spatial autocorrelation. This 

analysis resulted in a Global Moran's I of 0.20. The corresponding z-score of 59.74 and p <.001 indicate 

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 the AI-voters is presented in 

Figure 32. Samples of the difference score (Figure 33) suggest that the presence of green space was a 

likely predictor of a higher predicted livability score granted the Dutch trained AI voter. In the following 

section, the results of the random forest model application will give insight into the relative importance 

of spatial features within the built-up areas.  

 

 
Figure 32: Difference score derived by subtracting Accra and Dutch AI-voter predictions 

  

  

Figure 33: Samples of differences score 



48 

 

4.5.2 Random Forest Regression and Feature Importance 

In total, five random forest models were developed (Table 5). 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 test split. This model managed to 

explain 49.14% of the variance within the Dutch livability score. Secondly, with identical 

hyperparameters, the livability score of the Accra participants was modelled (R2 = 43.01).  

Third, a random forest regression model was employed with the predicted livability score by the Dutch 

AI voter as the dependent variable. Moreover, a random forest model was developed with the Accra 

resident predicted livability score as the dependent variable. Lastly, the difference score, which is the 

Dutch livability score minus the Accra livability score was selected as the dependent variable. The 

independent variables were the same across the models (Table 6).  

For the RF regression models with AI-voter predicted scores as dependent variables, the datasets were 

split into 70% training data and 30% test data for model evaluation. The models was trained using 1,000 

trees, with six variables considered at each split (mtry = 3) from a total of 6 assessed variables. The 

results can be inspected in Table 9. Both the Dutch and Accra livability score models provided a 

reasonable fit, explaining around 60% of the variance. The difference score model however performed 

poorly, explaining 17.90% of the variance within the dependent variable. This indicates that a 

significant portion of the variance remains unexplained. Moreover, given that the mean difference score 

is 0.027, the predictions by the RF model have a RMSE triple the actual mean of the target variable.  

 
Table 9: Results of RF regression models 

RF Model R2 RMSE 

Dutch score 49.14 0.13 

Accra score 43.01 0.13 

Dutch AI-voter predicted score 60.66 0.07 

Accra AI-voter predicted score 61.61 0.09 

Difference between AI-voter 

predicted scores 

17.90 0.09 

 

By using the feature importance tool within the R randomForest package, insight was delivered into the 

contribution of variables to the predictive performance of the RF models. This metric should not be 

confused with a correlation coefficient, as the relationships between the variables and the predicted 

score were non-linear. As seen in Figure 34, the independent variable NDVI was an important predictor 

for both the Dutch and Accra score RF models. However, within the Dutch score RF model, the 

importance of NDVI relative to the other predictive variables is greater compared to the Accra score 

RF model. The independent variable mean inter-building distance was the most important predictor for 

the Accra score livability model.  

 

Whilst the feature importance delivers 

insight into the predictive performance of 

an independent variable, it does not tell 

anything about the direction of the 

relationship. Therefore partial dependence 

plots were used to show the marginal 

effects of a feature whilst all other features 

were kept constant (Friedman, 2001). For 

the Dutch and Accra livability score RF 

models, the variables NDVI, mean inter-

building distance and water displayed 

deviating relationships (Table 10). The 

other predictors showed a similar pattern 

(Appendix C).  

 

 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 both 

the Dutch and Accra RF model 

revealed a deviating pattern in 

relation to the predictive variable 

NDVI (Normalized Difference 

Vegetation Index). Whereas the 

Dutch livability score is lower than 

the Accra livability score for low 

NDVI ranges <0.13, it was higher 

within the range of 0.14-0.25. The 

Accra livability score stagnates after 

the 0.15 NDVI threshold, and 

moreover seems to slightly lower 

with increasing NDVI values.  

 

Mean interbuilding distance 

The partial dependence plots of the 

Dutch and Accra livability score RF 

models for the log transformed 

predict mean interbuilding distance, 

revealed that for values <2.3, the 

Accra livability score is lower than 

the Dutch score. However, the 

Accra score steeply increases 

between inter-building distance 

value range 1.6-2.5 after which it 

stagnates. The Dutch score 

decreased after mean interbuilding 

distance log 2.3 (9 meters). 

 

Water 

The partial dependence plots of the 

Dutch and Accra score RF models 

for the predictor surface water, 

revealed diverging trends. Whereas 

the absence or very limited presence 

of surface water results in a higher 

livability score for the Accra voters 

compared to the Dutch, the opposite 

was true for higher surface water 

values, which were present within 

the coastal parts of the study area. 

Moreover, the Dutch score is 

positively correlated, whilst the 

Accra score exhibited a negative 

correlation.  
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For the RF models of the predicted livability scores by the Dutch and Accra AI-voters, the feature 

importance plot revealed a stark similarity in the importance of predictive variables. Both models 

depended the most on the predictor mean interbuilding distance, followed by NDVI, building adjacency 

and equivalent rectangular index respectively. Moreover, the amount of surface water did not emerge 

as an important contributor to the predictive performance for both models.  

 

 
Figure 35: Relative Feature importance between RF models of Dutch and Accra AI-voters predicted 

livability score 

 
Out of the 6 assessed predictors, only the variable NDVI showed a visible difference within the partial 

dependence plots of the RF AI-voter models, which can be inspected in Figure 36. Overall, the Accra 

AI-voter displays a greater range of predicted livability scores compared to the Dutch AI-voter. 

Moreover, both plots show a decrease in predicted livabilty scores at NDVI (log) 0.04. For the Accra 

AI-voter, the predicted livability scores stagnate at 0.56 from NDVI (log) 0.17 onward. This is in 

contrary to the Dutch predicted score, which peaks at 0.53 for higher NDVI values. The partial 

dependence plots of all the variables are included in Appendix X.  

 

Figure 36: Partial 

dependence plot of RF 

pred. AI -voter scores and 

NDVI (log) 



51 

 

4.5.4 Anselin Local Moranôs I Cluster Results 

The results of the Anselin Local Moranôs I cluster analysis of the predicted scores by the Dutch and 

Accra AI-voters are presented in Figure 37. A strong visual similarity can be observed between the 

clustering of predicted scores.  

 

 

The results of the clustering of the difference score of the AI-voters with Anselin Local Moranôs I are 

presented in Figure 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 inspected in Table 11. 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 cluster 3. This is also reflected in the mean difference scores for the clusters. For 

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 analysis. Mean difference scores 

Figure 37: Anselin Local Moranôs I of Dutch and Accra-trained AI -voters 
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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 districts. Moreover, these clusters also incorporated large asphalt motorways, 

which were found to visually correlate with divergence in score as described in section 4.2. In Figure 

39, visual samples of the labelled clusters are presented.  

 

 
Figure 38: Outcomes of clustering of difference score based on Anselin Local Moranôs I 

 

Table 11: Identified clusters of difference between Dutch and Accra AI-voter 

 
Cluster 

ID  

LCZ  No. of 

Tiles 

Districts within Cluster (Appendix 

E) 

Mean 

Pred. 

Dutch 

Score 

Mean 

Pred. 

Accra 

Score 

Difference Score 

(NL-ACC) 

1 3 751 Korle Gonno, New Russia, Official 

Town, Gbegbeyise 

0.37 0.33 0.04 

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 

residential area 

0.56 0.64 -0.08 

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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Figure 39: Clusters as identified by Anselin Local Moranôs I, labels retrieved from Table 11. 
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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 approach. Data on the perception of 

urban livability of the Accra-Tema city region was gathered by participants from the Netherlands using 

pairwise image comparison methods. This data was used to train an AI livability predictor, the outcomes 

of which were compared to the results of preliminary studies (Campomanes, 2025) conducted together 

with local Accra citizen scientists.  

This chapter discusses the findings of the research, as guided by the main research question: To what 

extent is an outsider livability perspective a proxy variable of the local perspective in the context of 

urban deprivation? Moreover, the implications of these findings will be discussed and evaluated by 

supplementary literature. Finally, the limitations of the research will be addressed and discussed. 

5.1 Main Findings 

As it seems, we can accurately predict the livability assessment of local citizen scientists 56% of the 

time with the outsider perspective AI model, compared to 70% of the locally trained AI model. A 

moderate positive correlation was found between the livability scores 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 Accra 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 of both models correlated strongly in clusters 

of compact low-rise built-up; the correlation was not strong enough to serve as a proxy, but it was 

notably close. This was very different for the open low-rise clusters, where correlations between the 

predicted scores were weak. This points towards the stronger need for the incorporation of the local 

perspective in open low-rise built-up areas compared to compact low-rise.  

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. These findings indicate 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 AI voter that was trained with labeled training data from Dutch participants 

achieved a prediction accuracy of 69%. Given the limited image size on which the model was trained 

(20 x 20 pixels), this was considered a strong accuracy. In comparison, the AI voter trained with Accra 

data (Campomanes, 2025) achieved a prediction accuracy of 70%.  

 

Overall, a moderate positive correlation  was found between predicted livability scores. Certain areas 

however showed a higher degree of correlation. This was most notably the case for the LCZ cluster of 

compact low-rise. On the contrary, a weak correlation (p <.001) was found for the built-up types of 

large low rise. This implies that the need for inclusion of the local perspective in livability modeling is 

much more urgent in these areas. Hence, when local livability data is scarce, researchers could focus on 

data collection within these built-up types. In such a scenario, livability data on compact, low-rise 

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 which they live. Bandauko et al. (2023) 

found that inhabitants of DUAs in Accra (n =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 Nigeria  (n = 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 Livabili ty Perception Differences of Spatial Features 

Depending on the presence of surface water within an image tile, Dutch and Accra participants 

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 group. The 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 cholera is increased (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 Asumadu-Sarkodie et al. (2017). DUA residents are 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 provision (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 Dutch participant'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 urban livability 

assessments are highly context-specific. 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 the use of an outsider view as a proxy of 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 potentially unsanitary 

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 on vegetation 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, which is underscored by Adjetey et al. (2023). 

Adiku stated that as of 2025, most well-maintained green spaces in Accra were located within private 

estates developed by companies that prioritize environmental quality to enhance property value.  

Green spaces are acknowledged by Accra DUA residents (n = 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 resembling gated communities. This restricted accessibility of these greenspaces within gated 

communities is associated with lesser opportunities for social interaction, which negatively contributes 

to perceived livability. 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 difference between 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 

infrastructure 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 untraversable mud pools after heavy precipitation. Research 

by Andreasen et al. (2022), found that over the course of a year, half of Accra residents (n = 1053) were 

unable to travel within their neighborhoods for one or several days because of heavy rainfall. The 

vulnerability of the road network in Accra to rainfall was further underlined by Moller-Jensen et al. 

(2023). 

Furthermore, a difference in perceived livability arose between the participant groups in relation to the 

urban morphometric inter-building distance. The feature importance derived from the Dutch and Accra 

livability RF models revealed that this metric was the 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 AI voters was very similar. This implies that 

the outsider perspective is useful in identifying patterns of livability on the macro scale. Local Moranôs 

I revealed three clusters of difference in scores that sharply overlapped industrial areas, which were 

predicted as more livable by the Accra-trained AI voter. The higher livability score of these areas was 

also reflected by the training data. As the buildings in this image tiles are of distinct size and shape, 

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

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

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

a visible pattern of built-up. A limitation of the AI-voters is that it lacks interpretability, which is further 

compounded by the fact that it handled different image modalities than human participants.  

5.5 Research Limitations  

The validity and generalizability of this research were impacted by various limitations. First of all, the 

sample size of Dutch participants was relatively small (n = 56), and the reliance on the chain-referral 

sampling method impacted the representativeness of the sample. Due to the limited amount of training 

data available, the AI voter might have overfitted to patterns specific to the training data. The study 

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 prevent sample biases from influencing the outcomes, as the outsider 

group sample might have had a skewed perception 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. This information 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 arose from 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, whilst another was not. 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 the approach more resource-intensive. 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 the application of the outsider perspective as a proxy variable within 

research on livability of the built-up type compact low-rise. It was found in this research that the insider 

and outsider livability scores were close to a very strong correlation. Future research could therefore 

investigate on how to combine outsider and insider livability scores in compact low-rise built-up to 

develop a better understanding of the local perspective when local livability data is scare.  

Second, future research could investigate if an informed outsider perspective would correlate more 

strongly with local livability perception. In this research, participants had no prior knowledge of the 

specific local context of urbanization in the study area. By informing participants beforehand on the 

local context and local perceptions of livability, the prediction accuracy of the model might be 

improved. This could strengthen the case for the use of non-local participants in 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 combining macro-scale 

livability assessments from local and outsider perspectives.   
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6. Conclusion  

 

This study examined the ability of outsider perspective to serve as a proxy of the local livability 

perspective within the Accra-Tema 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 found a moderately positive correlation between the scores, which manifested 

unevenly across space. Correlations between the predicted livability scores ranged considerably based 

on the type of built-up. Within clusters of compact low rise, a strong positive relationship was found 

between the local and outsider perspectives, whilst open low rise showed a weak correlation.  

The findings underscore the necessity of the integration of local perspectives in DUA mapping. The 

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 industrial areas. 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 of the local 

perspective.  

The accuracy of the outsider AI model in the prediction of the local perspective, together with the 

clustering analysis of AI-predicted livability scores, revealed that while outsider perspectives may be 

useful proxy for identifying macro-scale patterns, they are an insufficient proxy for the local perspective 

on the smaller scale. 

In sum, the overall correlation of the outsider perspective were found to too weak for the outsider 

perspective to serve as proxy variable. The findings reinforce the necessity of including the local 

perspective in DUA livability assessment. Future research could focus on finding avenues for 

leveraging the outsider perspective in a complementary role in compact built-up environments.  

  



60 

 

7. References  
 
Abankwa, J., & Quaofio, N. (2020). Understanding Peopleôs Motives for visiting Public Green Spaces 

in Accra to aid the Development of Urban Greenery in Ghana. Developing Country Studies. 

https://doi.org/10.7176/dcs/10-8-08 

 

Abascal, A., Georganos, S., Kuffer, M., Vanhuysse, S., Thomson, D., Wang, J., Manyasi, L., Otunga, 

D. M., Ochieng, B., Ochieng, T., Klinnert, J., & Wolff, E. (2024). Making urban slum 

population visible: Citizens and satellites to reinforce slum censuses. In Remote sensing and 

digital image processing (pp. 287ï302). https://doi.org/10.1007/978-3-031-49183-2_14 

 

Abascal, A., Rothwell, N., Shonowo, A., Thomson, D. R., Elias, P., Elsey, H., Yeboah, G., & Kuffer, 

M. (2022). ñDomains of deprivation frameworkò for mapping slums, informal settlements, 

and other deprived areas in LMICs to improve urban planning and policy: A scoping review. 

Computers Environment and Urban Systems, 93, 101770. 

https://doi.org/10.1016/j.compenvurbsys.2022.101770 

 

Abascal, A., Vanhuysse, S., Grippa, T., Rodriguez-Carreño, I., Georganos, S., Wang, J., Kuffer, M., 

Martinez-Diez, P., Santamaria-Varas, M., & Wolff, E. (2024). AI perceives like a local: 

predicting citizen deprivation perception using satellite imagery. Npj Urban Sustainability, 

4(1). https://doi.org/10.1038/s42949-024-00156-x 

 

Abraham, E. M., Martin, A., Cofie, O., & Raschid-Sally, L. (2016). Perceptions, attitudes and 

behaviours toward urban surface water quality in Accra, Ghana. Management of 

Environmental Quality, 27(5), 1477ï7835. https://doi.org/10.1108/MEQ-07-2015-0122 

 

Adewale, B. A., Ibem, E. O., Amole, S. A., & Adeboye, A. B. (2020). Place attachment in Nigerian 

urban slums: Evidence from inner-city Ibadan. Cities, 107, 102902. 

https://doi.org/10.1016/j.cities.2020.102902 

 

Adjetey, L. D., Takyi, S. A., Asibey, M. O., & Amponsah, O. (2023). The fate of urban green spaces: 

Assessment of the ownership, availability and conditions of parks in Accra, Ghana. Urban 

Forestry & Urban Greening, 82, 127897. https://doi.org/10.1016/j.ufug.2023.127897 

 

Aggarwal, C. C. (2018). Neural networks and deep learning. In Springer eBooks. 

https://doi.org/10.1007/978-3-319-94463-0 

 

Ajami, A., Kuffer, M., Persello, C., & Pfeffer, K. (2019). Identifying a Slumsô Degree of Deprivation 

from VHR Images Using Convolutional Neural Networks. Remote Sensing, 11(11), 1282. 

https://doi.org/10.3390/rs11111282 

 
Altman, D. G. (1990). Practical statistics for medical research. In Chapman and Hall/CRC eBooks. 

https://doi.org/10.1201/9780429258589 

 

Amoako, C. (2016). Brutal presence or convenient absence: The role of the state in the politics of 

flooding in informal Accra, Ghana. Geoforum, 77, 5ï16. 

https://doi.org/10.1016/j.geoforum.2016.10.003 

 

Andersson, H. (2016). Colonial Urban Legacies - An analysis of socio-spatial structures in Accra, 

Ghana [MA Thesis, Uppsala University]. https://www.diva-

portal.org/smash/get/diva2:1073546/FULLTEXT01.pdf 

 
Andreasen, M. H., Agergaard, J., Møller-Jensen, L., Oteng-Ababio, M., & Yiran, G. a. B. (2022). 

Mobility disruptions in Accra: recurrent flooding, fragile infrastructure and climate change. 

https://doi.org/10.7176/dcs/10-8-08
https://doi.org/10.1007/978-3-031-49183-2_14
https://doi.org/10.1016/j.compenvurbsys.2022.101770
https://doi.org/10.1038/s42949-024-00156-x
https://doi.org/10.1108/MEQ-07-2015-0122
https://doi.org/10.1016/j.cities.2020.102902
https://doi.org/10.1016/j.ufug.2023.127897
https://doi.org/10.1007/978-3-319-94463-0
https://doi.org/10.3390/rs11111282
https://doi.org/10.1016/j.geoforum.2016.10.003
https://www.diva-portal.org/smash/get/diva2:1073546/FULLTEXT01.pdf
https://www.diva-portal.org/smash/get/diva2:1073546/FULLTEXT01.pdf



























