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ABSTRACT

To fight against poverty, the United Nations have made slum upgrading an important task within the
Sustainable Development Goals 11. In support of this target, slum maps providing information about slum
spatial location and extent are, thus, significant. In the past few decades, remote sensing (RS) based slum
mapping approaches have been developed fast. However, due to the complexity of slums in terms of
morphological characteristics, definitions, dynamics and the existence of multiple satellite sensors,
transferability has become one of the biggest challenges for RS based slum maping approaches. Based on
existing researches, Fully Convolutional Networks (FCNs) have been proved to produce relatively high
accuracies for slum mapping compared to other approaches. Existing studies have shown that FCNs are
capable of transferring learnt features across different sensors and perform well when tested on the same
place at different periods. However, very few studies tested the performance of FCNs when applied to
different geographic contexts. For this reason, this research aims to assess the spatial transferability of FCNs
for slum mapping.

This research selected Mumbai, Nairobi and Rio de Janeiro (Rio) as study areas whose slums are various in
terms of morphological characteristics and conceptualizations. This research designed a systematic
assessment framework for the spatial transferability of FCNs for slum mapping. The framework includes
three dimensions: (i) what are the differences in selection of FCN architecture and hyperparameter setting
to reach optimal performance for different spatial contexts, (ii) whether the model trained on data from one
source study area and tested on the corresponding study area performs similarly, and (iif) whether the
performance of the model pre-trained on data from one source study area and tested on data from a different
place is similar. The selection process of hyperparameter setting for a certain FCN architecture is time-
consuming and complex. Due to time limitation, this research explored the second and third dimension of
the spatial transferability. Furthermore, this research analysed the influences of three adaptations in training
strategies on the performance of the FCN model. Adaptation 1 applies fine-tuning before using the model
trained on one source study area to predict slums from a different study area. Adaptation 2 uses training
data from multiple study areas rather than only one source study area to train the FCN model. Adpation 3
applies fine-tuning before using the model trained on data from multiple source study areas to predict slums
in a different study or one of the selected study areas for training.

The results revealed that the second dimension of the spatial transferability is low. The performance of the
FCN model varied when applied to Mumbai (IoU (Intersection over Union) =65.09%), Nairobi
(IoU=43.39%) and Rio (IoU=31.42%). The differences in accuracies are mainly caused by different levels
of diversity within slums and similarity between slums and non-slums in different study areas. Slums in
Mumbai are more homogenous and distinctive from non-slums compared to Nairobi and Rio. Slums in Rio
are more heterogeneous and similar to non-slums. Besides, different reference data collections approaches
may also influence the performance of FCN models. Slum reference data for Mumbai and Nairobi are
image-based, which means slums are mainly determined based on morphological characteristics reflected
on satellite imagery and thus may be easier to be detected by RS based approaches. Slum reference data for
Rio are ground-based, where slums are determined by morphological, social and economical characteristics.
This means it is harder to detect slums in Rio by RS-based appraoches due to incapability of recognizing
social and economical characteristics of slums directly from satellite imagery. Besides, slum reference data
for Rio includes some non-slums due to data aggragation. For these reasons, the model trained on Mumbai
data performs best while the model trained on Rio data performs worst.

For the third dimension, spatial transferability of FCN models is also low. This is mainly because slum
morphological characteristics in Mumbai, Nairobi and Rio are different. Therefore, learnt features from the
model trained on data from one of the cities are not effective for detecting slums in other cities.




Adaptation 1 makes the FCN model trained on data from one source study area perform similarly when
predicting slums in a different study area compared to the model trained on the predicted study area with
lower computational cost. It can help improve the third dimension of the spatial transferability but cannot
improve the second dimension. The performance of adaptation 3 is similar to the adaptation 1. Both
adaptation 1 and 3 perform a bit worse than the adaptation 2. Adaptation 2 helps the FCN model perform
better than the model trained on one source study area and tested on the same study area. The results
indicate that combining training data from multiple source study areas with different slum characteristics
can help improve the performance of the FCN model in both the second and the third dimensions of the
spatial transferability. Therefore, adaptation 2 may have potentials to help FCN models map slums at large
scales and produce comparable or even higher accuracies as FCN models trained on only one source study
area and tested on the same study area.

Key words: slum, fully convolutional networks (FCNs), spatial transferability
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ASSESSING THE SPATIAL TRANSFERABILITY OF FULLY CONVOLUTIONAL NETWORKS FOR SLUM MAPPING

1. INTRODUCTION

11.  Key concepts
1.1.1. Slums

Slums are a complex phenomenon (Kuffer, Pfeffer, & Sliuzas, 2016). Slums ate usually regarded as a
manifestation of urban poverty and inequality. They develop usually due to the collective effects of fast
rural-urban migration and inability of providing sufficient affordable housing by government. (United
Nations Human Settlements Programme, 2003)

The main features of slums include poor built-environment (e.g. construction materials, lay-out of
buildings), inadequate public service (e.g. water, sanitation, electricity, transportation, schools, solid waste
management), social-economic exclusion (e.g. poverty level, security of tenure, crime and safety) and bad
ecological conditions (e.g. green space, harzards) (Lilford et al., 2019).

Many efforts have been made to conceptualize slums around the world, such as expert meetings (Sliuzas,
Mboup, & de Sherbinin, 2008; UN-Habitat, 2017) and published conceptualization frameworks (Lilford et
al., 2019). However, there is still no universal definition of slums due to their spatial diversity and temporal
dynamics. In addition, the features mentioned can also occur in non-slum areas, which makes it more
complicated to define slums (Lilford et al., 2019). For example, although slums and urban poverty are usually
co-located, not all slum dwellers are classified as the poor (United Nations Human Settlements Programme,
2003).

One of the widely accepted definitions at household level is from UN-Habitat which defines slums or
informal settlements as urban areas where the majority of households face one or more of the following
challenges: (1) lack of durable housing; (2) insufficient living space; (3) difficult access to safe water; (4)
demanding access to enough sanitation; (5) tenure insecurity (Lilford et al., 2019; UN Habitat, 2007).

Satellite imagery have been used for slum mapping in the past few decades. Morphological characteristics
(e.g. density, size, pattern) of slums which are different from non-slums can be helpful for remote sensing
(RS) based slum mapping approaches (Kuffer, Pfeffer, & Sliuzas, 2016). However, social-economic
characteristics of slums cannot be reflected from satellite imagery directly (Mahabir, Croitoru, Crooks,
Agouris, & Stefanidis, 2018). This incapability constrains the performance of RS-based approaches.

This research focuses on RS-based slum mapping approaches. For this reason, slum characteristics to be
analyzed in this research expressly include the morphological characteristics of slums, such as shape, size,
roof materials, which usually can be detected from satellite imagery (Kuffer, Pfefter, & Sliuzas, 2016). Figure
1.1 shows the scope of slum features to be focused in this research.

To be focused in this research

Figure 1.1 Common features of slums (Lilford et al., 2019) and the features to be focused in this research
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1.1.2. Spatial transferability

Transferability is defined as “the quality of being transferable” (Vocabulary.com, n.d.). The word
“transferable” has multiple meanings. One of them to be used in this research is described as “suitable for
different situations or uses” (Cambridge Business English Dictionary, n.d.). Hence, in general, transferability
refers to the an ability to be suitable for different situations.

Pratomo, Kuffer, Martinez, & Kohli (20106) define the transferability as an ability of an approach to perform
similarly with minimum changes, when applied to various situations. Based on this definition, transferability
has two aspects. First, the selected approach can perform similarly or comparably when applied to different
situations. Second, it is not necessary to make big changes in the approach to achieve comparable
performance. The changes can be different for different approaches. Some Object-Based Image Analysis
(OBIA) approaches, for example, involves the definition of classification rulesets to identify target classes.
Hence, to assess their transferability, it is essential to figure out how the rulesets need to be changed to
perform similarly (Pratomo, Kuffer, Kohli, & Martinez, 2018). For data-driven approaches such as most
deep learning approaches, it is essential to test how learnt information from one dataset can be helpful and
what techniques can be adopted to transfer the learnt information when applied to another task. Figure 1.2

summaries the above description of the transferability of an approach.

Based on the above description of transferability, spatial transferability in this research is defined as the
ability of an approach to perform similarly with minimum changes, when applied to different geographic
contexts. The process of assessing spatial transferability includes applying the selected approach after some
changes to different geographic contexts (Placel, Place2...PlaceN) and then comparing the conducted
performance (Performancel, Performance2...PerformanceN). Figure 1.3 shows the process of assessing
spatial transferability.

An approach

An ability of an approach to
perform similarly with

minimum changes, when Adopting techniques to

applied to various situations Minimum convey learnt information
(Pratomo, Kuffer, Martinez, Changes
& Kohli (2016) Applied to different
situations
. Changes in rulesets
Similar
Performance

Figure 1.2 The definition of transferability and potential “minimum changes” for two types of approaches

An approach
Applied to
Place 1 Place 2 Place N
Performance 1 Performance 2 Performance N

Figure 1.3 The process of assessing spatial transferability
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1.2.  Justification of the research topic

Up to now, around a quarter of the global urban population lives in slums. The number of slum dwellers
has reached more than 1 billion and is estimated to reach 1.5 billion in 2025 (Willis, 2019). These slum
dwellers have experienced, are experiencing, or will experience different degrees of deprivation (Ajami,
Kuffer, Persello, & Pfeffer, 2019). Adequate housing is one of the human rights recorded in the Universal
Declaration of Human Rights (De Schutter, 2014). Inadequate housing such as commonly found in slums
can lead to urban inequity, exclusion, unsafety, unfair livelihood opportunities and other problems (Willis,
2019). Thus, the Sustainable Development Goal (SDG) 11 - “Make cities and human settlements inclusive,
safe, resilient and sustainable”, includes tasks of monitoring the right to adequate housing. The “proportion
of urban population living in slums” is selected as SDG indicator 11.1.1 (UN Habitat, 2019, p.2).

Slum upgrading is a major task of SDG 11, which means raising slum houscholds’ living standards and
helping them get rid of slum-like conditions (UN Habitat, 2019). It is a wicked process that involves diverse
stakeholders and social, economic, environmental, financial, governance issues (Willis, 2019). It is essential
for these stakeholders to make decisions based on a good understanding of the spatial distribution and
characteristics of slums. Slum maps, as a medium of slum spatial information, are, thus, important for
upgrading slums. Nowadays, many cities have not mapped slums because some governments neglect them
due to their informality. For many other cities, available slum maps are commonly incomplete or outdated
(Kohli, Warwadekar, Kerle, Sliuzas, & Stein, 2013). Therefore, it is necessary to develop effective and
efficient approaches to map slums more accurately for slum upgrading.

Up to now, there are mainly three categories of slum mapping approaches, including survey-based
approaches, participatory approaches and RS-based approaches (Mahabir et al., 2018). Surveys are used for
collecting slum data in many countries every ten years. Due to fast changes within urban areas, data from
surveys are usually outdated. Furthermore, slums are often ignored in these formal surveys (Joshi, Sen, &
Hobson, 2002). Participatory approaches need the participation of local people. Hence, it takes a lot of time
and financial resources to implement them (Kohli et al., 2013). RS-based approaches are usually less time-
consuming, less resource-intensive and can help update slum maps more frequently. Thus, they have
received a lot of attention from researchers (Kuffer, Pfeffer, & Sliuzas, 2016).

With the development of RS technologies in the past few decades, especially increasing availability of very
high resolution (VHR) RS imagery, RS-based slum mapping approaches have been developed fast with the
efforts of many researchers (Kuffer, Pfeffer, & Sliuzas, 2016). The primary task of most approaches is to
select or design efficient texture and spectral features or rulesets, which can differentiate between slums and
non-slum areas from satellite imagery (Mahabir et al., 2018). These methods are, however, challenged by the
fact that the slums have different definitions and characteristics in different places and at different moments
(Kuffer, Pfeffer, & Sliuzas, 2016). Furthermore, the appearances of the same slums can vary across various
sensors (Wurm, Stark, Zhu, Weigand, & Taubenbdéck, 2019). This complexity makes features or rulesets
designed for slums mapping suitable for one situation but may perform pootly in other circumstances.
Therefore, transferability has become one of the biggest challenges in the RS-based slum mapping research
domain (Kuffer, Pfeffer, & Sliuzas, 2016; Mahabir et al., 2018). In the case of traditional machine learning
methods such as Support Vector Machine (SVM) and Random Forest (RF), their performance for slum
mapping is relatively high. However, they rely on feature selection which requires a clear understanding of
slum characteristics (Leonita, Kuffer, Sliuzas, & Persello, 2018). As mentioned above, it is hard to

conceptualize a universal concept of slums. Consequently, these methods face transferability issues in slum
mapping.
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Compared to traditional machine learning approaches, Fully Convolutional Networks (FCNs) do not require
feature selection. Instead, FCNs can make use of features determined from imagery data to detect slums
and usually achieve higher accuracies than traditional machine learning approaches (Persello & Stein, 2017).
Thus, FCNs are a promising approach for slum mapping. However, only a reduced number of studies are
dedicated to investigating the transferability of FCNs in slum mapping. Wurm, Stark, Zhu, Weigand,
Taubenbd6ck (2019) investigated the transferability of FCN-VGG19 across different sensors. FCN-VGG19
is adapted from VGG19, which is a classic Convolutional Neural Networks (CNNs) architecture designed
by the Visual Geometry Group of Oxford University (Simonyan & Zisserman, 2015). Wurm, et al. (2019)
found out that the accuracy of the model trained on QuickBird imagery (IoU(Intersection of Union)=77%)
is higher than that on Sentinel-2 imagery (IoU=36%). Then, they applied transfer learning to keep learnt
features from QuickBird model and then trained on Sentinel-2 imagery. It turned out that the new model
performed better than the previous Sentinel-2 model with an IoU of 51% (Wurm et al., 2019). Transfer
learning is an approach to repurpose a model trained on one dataset to other classification tasks (Verma,
Jana, & Ramamritham, 2019). The result suggests that transfer learning can help transfer knowledge from
one task to another task, in general, and also for slum mapping in terms of satellite sensors. Liu, Kuffer and
Persello (2019) applied FCN-DKGO6 to detect small and temporal slums in Bangalore from VHR imagery.
They found out that the prediction results of imagery from different years are high (average F1
score=88.4%). Stark, Wurm, Taubenock and Zhu (2019) used FCN-VGG19 to detect slums in Mumbai
and Delhi and found out that IoU of the model trained on Mumbai data is 66%. IoU of the model trained
on Delhi data is 49%. This result indicates that FCNs may produce different accuracies when mapping slums
from different geographic contexts.

Based on the previous researches, FCNs have been proved to be transferable across different sensors and
time periods. Yet, FCNs face some challenges in the case of spatial transferability. Spatial transferability is
regarded as one of the most major bottlenecks for slum mapping researches. Besides, spatial transferability
of approaches are especially important for regions with sparse reference data of slums (Kuffer, Pfeffer, &
Sliuzas, 2016). However, studies dedicated to assessing the spatial transferability of FCNs for slum mapping
are missing. Therefore, this research aims to fill this gap.

In conclusion, RS-based slum mapping approaches have developed a lot in the past few decades. However,
transferability remains an open issue. The primary reason is that slums are too complicated in terms of
conceptualizations and characteristics. FCNs have been proved to perform better than other traditional
slums mapping methods in most cases. In addition, FCNs do not require pre-designed features or rulesets.
Therefore, they may have high spatial transferability for slum mapping. Therefore, this research aims to
assess the spatial transferability of FCNs for slum mapping to promote the development of slum mapping
approaches in support of slum upgrading projects globally.
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1.3.  Research gap and innovation points

Up to now, very few studies research on assessing the spatial transferability of FCNs. Stark (2018) tested
the spatial transferability of FCN-VGG19. However, he only tested on two study areas: Mumbai (IoU=66%)
and Delhi (IoU=49%). Both two cities are from India. The findings may not be universal due to the variety
of slums globally. Furthermore, a clear definition of the meaning of spatial transferability of FCNs for slum
mapping and a systematic assessment framework are missing. Therefore, it is necessary to design a
systematic assessment framework for spatial transferability of FCNs for slum mapping.

The primary innovation point of this research is assessing the spatial transferability of FCNs for slum
mapping by testing on data from three cities (Mumbai, Nairobi and Rio de Janeiro) with different
characteristics of slums under different social-economic conditions based on a systematic assessment

framework.

1.4.  Research objectives and questions
1.4.1. Main objective

The primary research objective of this research is to systematically assess the spatial transferability of FCNs
for slum mapping.

1.4.2. Sub-objective

To achieve the main objective, three sub-objectives have been made:

(1) To design a systematic assessment framework for spatial transferability of FCNs for slum mapping;
(2) To design suitable experiments for the spatial transferability assessment based on the framework in
OF

(3) To assess the spatial transferability of FCNs based on results from the experiments designed in (2);

1.4.3. Research questions

The following research questions are addressed in this research:

(1) To design a systematic assessment framework for spatial transferability of FCNs for slum mapping;
1) How to measure the spatial transferability of FCNs for slum mapping?
2)  What adaptations are required to improve the spatial transferability of FCNs for slum mapping?
(2) To design suitable experiments for the spatial transferability assessment;
1) What experiments are essential for the assessment based on the framework from (1)?
2) What is the optimal FCN architecture for slum mapping?
3) What are the proper hyperparameters of the selected FCN architecture for slum mapping?
(3) To assess the spatial transferability of FCNs based on results from the experiments designed in (2)
1) What is the performance of FCNs in terms of spatial transferability based on the results from
the experiments in (2)?
2) What are the effects of the adaptations from (1) 2) on the spatial transferability of FCNs?
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1.5.  Relations to Spatial Engineering

Spatial engineering aims to help students cultivate a capability to solve wicked problems in reality by
multidisciplinary solutions and broad thinking. Wicked problems usually happen when there is no consensus
among stakeholders. The dissensus usually is caused by knowledge gaps, disagreement on goals (or values),
and selection of technologies (Hoppe, 2018).

Slum upgrading can be regarded as a wicked problem because this task involves many stakeholders with
different and dynamic interests (UN-Habitat, 2020). These stakeholders include slum dwellers, NGOs
(Non-Government Organizations), various government ministries, local real estate associations, researchers
etc. Participation of the involved stakeholders is important to reach a commitment to improving the living
conditions of slum dwellers. It is essential to combine ideas and inputs of these stakeholders to strengthen
the links between public services, transportation, infrastructures, etc. (UN-Habitat, 2020) Before integrating
multiple views from stakeholders, one of the most important pre-conditions for the participation is that
they have a common understanding of slum situations. Slum maps can help provide spatial information of
slums and be used for scenario analysis (Carr-Hill, 2013). Thus, they can be helpful for these stakeholders
to share their ideas and analyse the effects of proposed plans on a common base. However, there are still
many areas without accuracte slum maps (van Steensel, 2016).

For these reasons, spatial information of slums (slum maps) becomes a knowledge gap during the process
of designing slum upgrading plans. This research aims to assess the spatial transferability of FCNs for slum
mapping. If the spatial transferability of the FCN model is high, then it is possible to map slums for areas
without slum maps by using the model trained on data from other places. In other words, this research tries
to help narrow down knowledge gaps in terms of slum spatial information for data sparse areas by assessing
the spatial transferability of FCNs for slum mapping.
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2. LITERATUE REVIEW

This chapter reviews research papers related to this thesis. Section 2.1 introduces the complexity of slums.
The complexity is one of the primary reasons for transferability issues faced by existing RS-based slum
mapping approaches. Section 2.2 summarizes the advantages and disadvantages of some RS-based slum
mapping approaches, including visual interpretation, OBIA and machine learning (ML) approaches. Section
2.3 introduces deep learning approaches and their applications in slum mapping. Section 2.4 summarizes
the main findings about the transferability of FCNs. Section 2.5 presents applied accuracy indicators in slum

mapping researches.

21.  Complexity of slums

This section mainly introduces the complexity of slums in terms of conceptualizations, characteristics,

causes and influences on society.

Slums have various definitions in different regions based on different standards at different periods (Verma
et al,, 2019). It is hard to make a universal definition of slums. The definitions are mainly dependent on
local-level political decisions. Different local authorities emphasize on different components for slums, such
as construction materials, land tenure security, health and hygiene, crowding, basic services and
infrastructures (e.g. water, sanitation, electricity), low-income, crime and violence (United Nations Human
Settlements Programme, 2003). For example, the government of Bangkok accounts for health and hygiene,
crime and violence, crowding and environment in the definition of slums. In Jakarta, land legality and low-
income are two most important components for slums (United Nations Human Settlements Programme,
2003). For most definitions of slums from different places, poor construction materials and land tenure
security are the two most commonly adopted components. Besides, it is essential to point out that not all
slum dwellers are classified as the poor (United Nations Human Settlements Programme, 2003).

Lilford et al. (2019) introduced two basic approaches to conceptualize slums. The first approach is “feature
first” (or called as bottom-up). An area is labelled as slums or non-slums by taking into account the observed
features as mentioned in the last paragraph and standards of local authorities. This approach usually relies
on surveys at the household level. The second approach is “space first” (or called as top-down). In this
approach, an area is selected and classified as slums or non-slums at first. Then, the household is classified

as slum if it is identified as originating in a slum.

Different terms are usually used to refer to slums. These terms and slum have been used in literature
interchangeably (Kuffer, Pfeffer, & Sliuzas, 2016). For example, terms with descript  tion like “informal”,
“illegal” or “squatter” emphasize the insecure status of land tenure. “Unplanned” is usually related to
planning context. “spontaneous” or “irregular” highlighting the dynamics of slums. “Deprived,”
“shantytown” and “sub-standard” are related to physical and socio-economic conditions (Kuffer, Pfeffer,
& Sliuzas, 2010).

Slums have various physical characteristics, such as higher roof coverage densities, more organic patterns,
and smaller building sizes compared to non-slum built-up areas (Kuffer, Pfeffer, & Sliuzas, 2016). Some
features, such as density, can be clearly defined, while others, such as land tenure, are more difficult to be
identified. However, even if the definitions of features are clear, their measurement using RS-based

approaches can be problematic (Pratomo et al., 2018). Due to lacking of the local knowledge on the
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characteristics and concepts of slums, there are some fuzzy classes such as semi-informal settlement that
has morphological characteristics similar to slums but are historic areas (Kuffer, Pfeffer, & Sliuzas, 2016).
The similarity in physical appearances of slums and these non-slum ateas from RS imagery hence brings

more uncertainty to RS-based approaches.

The formation of slums usually originated from fast urban population expansion. The expansion is often
triggered by natural population growth, rural-urban migration, population displacement due to conflicts and
or violence (United Nations Human Settlements Programme, 2003). The increase of population together
with a poor governance and lack of land lead to the development of slums (UN-Habitat, 2013).

Slums bring many problems such as poverty, inequality, and diseases, which affect the sustainable
development of cities. However, slums are usually the only affordable housing option for slum dwellers.
They usually face challenges of discrimination and spatial-economic exclusion (UN-Habitat, 2016). Given
that many slums are built on hazardous regions, they are vulnerable to natural disasters. Due to poor living
conditions, it is highly possible to spread diseases within slum areas (UN-Habitat, OHCHR, & UNOPS,
2016).

2.2.  RS-based slum mapping

RS-based slum mapping approaches have developed fast in the past several decades, especially with the
advent of VHR imagery (Mahabir et al., 2018). However, there is still no universal approach for slum
mapping (Kuffer, Pfeffer, & Sliuzas, 2010).

Existing approaches could be mainly divided into several types: visual image interpretation, OBIA-based
approaches, ML-based approaches (Mahabir et al., 2018).

Visual image interpretation can produce slum maps with high accuracy (Wurm and Taubenbéck, 2018;
Taubenbdck et al., 2018). Other slum mapping approaches usually make use of the results by this approach
as reference data. However, it is time-consuming, and it also has uncertainties such as fuzziness of
boundaries mainly caused by multiple perceptions of slums (Pratomo et al., 2018).

OBIA is one of the most frequently applied techniques for slum mapping (Kuffer, Pfeffer, & Sliuzas, 2016).
Urban objects are often complicated. They consist usually of multiple heterogeneous parts. For instance, a
building can have several parts made up of different materials with different spectral characteristics.
Consequently, pixel-based approaches usually face some challenges, such as salt-and-pepper effect, mainly
because they rely on spectral information solely (Kohli et al., 2013). OBIA approaches have the potential to
combine spatial, spectral, and contextual properties of the target objects for classification purposes. Besides,
they can make use of physical proxies, e.g. grey-level co-occurrence matrix, to determine the characteristics
of the objects of interest. Hence, it usually performs better than traditional pixel-based approaches (IKKohli
et al., 2013). Kohli, Sliuzas and Stein (20106) tested the accuracy of OBIA by using data from different areas
in Ahmedabad. The accuracies range from 47% to 68%. OBIA have promoted the development of slum
mapping approaches significantly (Kuffer, Pfeffer, & Sliuzas, 2016). However, it is essential to clarify the
concepts of slums when designing an effective ruleset to detect slums (Kohli et al.,, 2013). Due to the
complexity of slums, the transferability of the developed rulesets is one of the biggest obstacles faced by
OBIA approaches (Kohli et al., 2013). Though the rulesets of OBIA can also be learnt by combining with
traditional MLL approaches such as SVM in a data-driven way, feature selection of the traditional ML
approaches also faces transferability issues (Zahidi, Yusuf, Hamedianfar, Shafri, & Mohamed, 2015).
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ML-based approaches are also frequently applied to slum mapping. They are data-driven approaches which
learn the characteristcis of the target class from training data repeatedly (Baud, Kuffer, Pfeffer, Sliuzas, &
Karuppannan, 2010). Therefore, they can perform well if there is a large size of training data. Leonita,
Kuffer, Sliuzas, and Persello (2018) explored the performance of SVM and RF for slum mapping. They
found out that SVM achieved an F1 score ranging from 0.73 to 0.92, and RF yields an F1 score ranging
from 0.72 to 0.94. In general, previous studies found ML-based approaches are superior to many other slum
mapping approaches. However, the performance of these traditional ML approaches relies heavily on
feature selection, which requires a clear understanding of slum characteristics (Leonita et al., 2018). As
mentioned above, it is hard to make a universal quantitative measurement of slums. Consequently, these
approaches also face transferability issues.

Recently, deep learning has received an increasing attention for slum mapping (Persello & Stein, 2017). So
far, only a few studies used CNNs and FCNs for slum mapping. This supervised learning process of deep
learning approaches can help learn weights and bias of models to reduce prediction errors (Persello & Stein,
2017). Hence, it is unnecessary to pre-design rulesets or select features for these approaches, which makes
them less dependent on the conceptualization of slums. Therefore, deep learning approaches may have high
transferability for slum mapping. Section 2.3 introduces more details for these approaches.

2.3.  Deep learning-based slum mapping

Deep learning algorithms try to learn multiple features from input training data, which do not require
manually designed features. They usually consist of more than two hidden layers (Zhu et al., 2017). CNNs
are important image classification approaches in deep learning. Section 2.3.1 and 2.3.2 introduce the basics
of CNNs and FCNs (adapted from classic CNNs) and their applications in slum mapping. Section 2.3.3
demonstrates general training strategies for training neural networks. In this research, CNNs refer to neural
networks for patch-based image classification and FCNs refer to that for pixel-based image classification.

2.31. CNNs-based slum mapping

Classic CNNs such as VGG19 are patch-based approaches. The output of CNN models is a classification
label for the central pixel of the whole input image (Jean & Luo, 2016). Figure 2.1 shows a simplified CNN
architecture adapted from O’Shea and Nash (2015). In general, CNNs have multiple layers to implement
three types of operations, namely convolutions, non-linear activations and pooling. A standard CNN
architecture consists of several convolutional layers and fully connected (FC) layers. Convolutional layers
can help learn features from input data. FC layers are one-dimensional vectors flatten by learnt features
from convolutional layers. They are responsible for learning classification rules (Persello & Stein, 2017).
Architectures of CNNs include both feature extraction processes and classification processes. Thus, they
are trained in an end-to-end way.

Many studies have proved that CNNs can outperform many other approaches based on hand-made features
(Persello & Stein, 2017). Vermaa, Janaa, and Ramamritham (2019) applied a CNN model to map slums for
Mumbaiand. They obtained an IoU of 0.58 when using VHR imagery as input data and a IoU of 0.43 when
using MR imagery. Xie, Jean, Burke, Lobell, and Ermon(2016) applied CNNs to make global poverty maps
by means of nightlight satellite imagery. One primary obstacle faced by CNNs when applied to large satellite
imagery for slum mapping is the high computational cost (Persello & Stein, 2017). The number of learnable
parameters in FC layers is much more than that of convolutional layers. FCNs, adapted from CNNs, may
help solve this problem.
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Figure 2.1 A simplified architecture of CNNs adapted from O’Shea and Nash (2015)

23.2.

FCNs-based slum mapping

FCNs are pixel-based classification approaches and are also trained in an end-to-end way. They are also
known as semantic segmentation. FCNs delete FC layers and adopt a convolution-deconvolution (encodet-
decoder) strategy or dilated convolutions to keep the size and resolution of output prediction maps the same
as input images (Long, Shelhamer, & Darrell, 2015; Persello & Stein, 2017; Wurm et al., 2019). Hence, FCNs
requires less computational resources than classic CNNs. Table 2.1 summaries applied FCN architecture,

study areas, satellite imagery, accuracies of existing related researches for slum mapping. For most studies

reported in this table, there are usually more than one accuracy values due to multiple experiments. Only

maximum accuracy values are depicted here.

Table 2.1 Applied FCN architecture, study areas, satellite imagery, accuracies of existing related researches in slum

mapping. (IoU: Intersection over Union; PA: Producer Accuracy; TL: Transfer Learning)

i i Accuracy indicator
Research Architecture City .Satelhte ] i )
(Country) imagery Variable Value
FCN-DK3 PA =58.29%
i FCN-DK4 PA = 58.16%
Persello & Stein FCN-DKs Dar es Sal.aarn Quickbird 0
(2017) (Tanzania) FCN-DK5  PA =62.09%
FCN-DKG6 PA = 65.58%
FCN- Mumbai o Mumbai ToU = 66.12%
Stark, (2018) VGGL9 (India) QuickBird
Delhi (India) Delhi ToU = 48.85%
QuickBird QuickBird ToU = 77.02%
Wurm, Stark, . Sentinel-2 Sentinel2  ToU = 35.51%
Zhu, Weigand, & FCN- Mumbai
Taubenbdock, VGG19 (India) o GickBird -
(2019) Quickbird - TL- TL - ToU = 51.23%
Sentinel-2 } ’
Sentinel-2
Mumbai Mumbai - _ o0
Stark, Wurm, FCN.- (India) o TI. - Delhi ToU = 59%
Taubenbock, and VGG19 QuickBird )
Zhu (2019) Delhi (India) Delhi - TL -y 1y = 340,
Mumbai
Liu, Kuffer, & Bangalore . _ 0
Persello, (2019) FCN-DKG6 (India) WorldView F1 score = 88.38%
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Encoder-decoder FCN architectures usually include the following parts: (1) convolutional layers; (2) no-
linear activation functions (e.g. leaky Rectified Linear Unit (IReLU)); (3) pooling (e.g. max pooling); (4)
deconvolutional layers; (5) classification layers (e.g. Softmax). Deconvolution is usually realized by skipped
connections which are significant for improving performances and avoiding overfitting for FCNs
(Panboonyuen, Jitkajornwanich, Lawawirojwong, Srestasathiern, & Vateekul, 2017). Skipped connections
refer to additional connections between nodes in different layers within a neural network. The connections
skip several layers of nonlinear activation (Graesser et al., 2012). Similar to CNNs, convolutional layers are
used for learning features of input imagery and encoding location. Deconvolutional layers have the same
functions. Classification layers are for learning prediction rules (Zhang et al., 2018). Figure 2.2 shows a
simplified architecture of encoder-decoder FCN models modified from Peng, Zhang, and Guan (2019).

Some studies have used encoder-decoder FCNs for slum mapping. Wurm et al. (2019) used FCN-VGG19
to detect slums in Mumbai and to test the transferability of FCNs across different sensors for slum mapping,.
The authors found out that the model trained on QuickBird imagery reaches an IoU of 77%. Stark, Wurm,
Taubenbock, and Zhu (2019) used FCN-VGG19 to detect slums in Mumbai and Delhi and tested the
influences of the proportion of slum labelled data in training data on the yielded prediction accuracy. They
obtained an IoU of 72% for Mumbai and 69% for Delhi by using pre-trained weights from ImageNet.
Besides, both of these studies proved that transfer learning is useful in transferring knowledge of slums

from one task to another task.

Skip connections

| }
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I
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Figure 2.2 A simplified architecture of encoder-decoder FCNs based on Peng et al. (2019)

FCN architectures with dilated convolutions make use of dilated kernels (DKs) to increase the sizes of the
receptive fields (RFs) and, thus, these architecture do not need upsampling layers. This type of FCN
architectures is called as FCN-DKs (Persello & Stein, 2017).

FCN-DKs can reduce both the number of parameters to avoid overfitting and computational cost. In
general, these architectures consist of several blocks. Each block usually includes zero-padding layers,
convolutional layers with different dilated rates in different blocks, activation layers and pooling layers. At
the end of the model, there is a classification layer. Zero paddings are important for FCN-DKs to keep the
size of output predictions as input images (Persello & Stein, 2017). Figure 2.3 presents a simplified
architecture of FCN-DXKs adapted from Persello and Stein (2017).
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Figure 2.3 A simplified architecture of FCNs with dilated kernels modified from Persello and Stein (2017)

Several studies have applied FCN-DKSs for slum mapping. Persello and Stein (2017), for example, used
patch-based CNN, SVM, FCN-DK3, FCN-DK4, FCN-DKS5 and FCN-DKG6 to map slums in Dar es Salaam
by using QuickBird satellite imagery. They found that FCN-DKG6 outperformed the other evaluated FCN-
DKs, obtaining an overall accuracy (OA) of around 84% (Persello & Stein, 2017).

2.3.3. Training strategies

There are mainly two ways to train deep learning models. The first way is to apply fine-tuning or transfer
learning to adapt a pre-trained model to meet the requirements of target tasks with less labelled training data
and less computational cost. For fine-tuning, we can decide to freeze some layers in a pre-trained model or
make all layers trainable before using it for another task by training it on another dataset. Transfer learning
takes layers of a pre-trained model, freeze these layers, then add new trainable layers after the frozen layers
and, in the end, train the new trainable layers with new datasets. The second way is to train deep learning
models from scratch. Generally, the accuracy of the second way is lower than the first way. Training from
scratch is usually more computationally expensive. Stark et al. (2019) compared the accuracies of FCN-
VGG19 under two training strategies. The first model is fine-tuned from VGG19 pre-trained on ImageNet.
The second model is trained from scratch. They found out that IoU of the first model is 0.69, while the
second model yielded an IoU of 0.34.

2.4.  Transferability of RS-based slum mapping approaches

The transferability of RS-based slum mapping approaches contains four aspects: conceptual transferability,
spatial transferability, temporal transferability and transferability across RS sensors (Kuffer, Pfeffer, &
Sliuzas, 2016; R. Liu, 2018; Stark, 2018; Stark, Wurm, Taubenbock, & Zhu, 2019). Figure 2.4 shows the four
transferability dimensions of slums.

Dimensions of transferability
in slum mapping

Transferability of slum Transferability of Temporal Spatial
conceptualization satellite sensors transferability transferability

Figure 2.4 Dimensions of transferability of slum mapping approaches

Several studies focused on the transferability of OBIA (Kohli et al., 2013; Pratomo, Kuffer, Martinez, &
Kohli, 2016; Pratomo, 2016; Pratomo et al., 2018; Hofmann, Blaschke, & Strobl, 2011). Kohli, Warwadekar,




ASSESSING THE SPATIAL TRANSFERABILITY OF FULLY CONVOLUTIONAL NETWORKS FOR SLUM MAPPING

Ketle, Sliuzas, and Stein (2013) used OBIA to detect slums from RS imagery of different areas in
Ahmedabad. They defined transferability of OBIA as “the degree to which a particular method is capable
of providing comparable results for other images”. Pratomo, Kuffer, Kohli, and Martinez (2018) used the
trajectory error matrix (TEM) to measure the temporal transferability of an OBIA ruleset for slum mapping
in Jakarta. They emphasized two primary reasons accounting for low transferability of the ruleset: (1)
uncertainty of fuzzy boundaries of reference data of slum and non-slum areas; and (2) different viewing
angles of the input images. Pratomo, Kuffer, Martineza, Kohli (2016) analysed spatial and temporal
transferability of Generic Slum Ontology (GSO) and Local Slum Ontology (LSO) for OBIA. The authors
concluded that GSO performs better than LSO in spatial transferability. Yet, LSO performs better than
GSO for temporal transferability.

Only a few studies have focused on the transferability of FCNs. Wurm et al. (2019) evaluated the
transferability of FCN-VGG19 on imagery from different sensors. They concluded that the accuracy of the
model trained on QuickBird imagery (IoU=77.02%) is higher than the model trained on Sentinel-2 imagery
(IoU=35.51%). Then, they applied transfer learning to train the model pre-trained on QuickBird imagery
by using Sentinel-2 imagery. IoU of this new model reaches 51%. Liu, Kuffer, and Persello (2019) applied
FCN-DKG6 to detect small and temporal slums of Bangalore by using VHR imagery. They found out that
FCNs can perform well when using imagery from the same place but at different time. Yet, the accuracy of
change detection through FCNs drops. Stark (2018) used FCN-VGG19 to detect slums in Mumbai and
Delhi. The model trained on Mumbai data reaches an IoU of 66.12% and an IoU of 48.85% when trained
on Delhi data. The author adopted the same training strategy for two cities. Furthermore, this study
evaluated the effects of fine-tuning and combination of training data from two cities on the performance of
FCNs. The study showed the IoU of the model trained on combined data from Mumbai and Delhi increases
to around 67.65%. This accuracy is higher than that of the models trained on data from Mumbai or Delhi
individually. The improvement indicates that combining training data from multiple geographic contexts

may improve prediction accuracies of FCN models.

To conclude, existing researches dedicated to assessing the transferability of FCNs explored spatial,
temporal and sensor dimensions of transferability. However, there are three limitations of these studies:

(1) For the transferability of optical sensors, only two sensors have been compared. Given that there
are much more optical sensors with different spectral characteristics, more researches are required;

(2) For temporal transferability, FCNs perform well on imagery from the same area but at different
time periods. However, FCNs perform worse in change detection;

(3) For spatial transferability, existing researches only tested it on two cities. Both of them are from
India. It is not enough due to variety of slums globally. More study areas with different
characteristics under various cultural and social background should be explored in the spatial
transferability.
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2.5.  Accuracy indicators applied for slum mapping approaches

To compare the performance of different slum mapping approaches, it is essential to apply common
accuracy indicators. However, in existing related researches, accuracy indicators are various. To make this
research easily compared to other researches, this section will review accuracy indicators applied in slum
mapping researches to assess the results of FCNs and other approaches in recent years. Table 2.2 shows
numerous accuracy indicators which have been applied in existing studies of slum mapping by using FCNs.
Table 2.3 shows various accuracy indicators applied by some other researches recently. It can be found that
precision, recall, IoU (also known as Jaccard Index), Fl-score, Overall Accuracy (OA) are frequently applied

indicators.

Table 2.2 Accuracy indicators applied in researches of slum mapping by FCNs (OA: Overall Accuracy; PA: Producer
Accuracy; IoU: Intersection over Union; PPV: Positive Prediction Value)

Research Accuracy indicators

Persello & Stein (2017) OA, Recall

OA, IoU, Kappa estimate,

Stark, (2018) Precision, Recall

(Wurm, Stark, Zhu, Weigand,

& Taubenbéck, 2019) PPV, ToU
Stark, Wurm, Taubenbock, and IoU
Zhu (2019) ©
Liu, Kuffer, & Persello, (2019) Precision, Recall, F1-Score

Table 2.3 Accuracy indicators applied in researches of slum mapping in recent years (OA: Overall Accuracy; IoU:
Intersection over Union)

Research Approaches Accuracy indicators
Kohli, Sliuzas, & Stein(2016) Grey-Level Co-occurrence Matrix OA, Precision, Recall
Maiya & Babu(2018) Mask R-CNN ToU, Recall
Leonita et al.(2018) Machine learning (SVM, RF) OA, Kappa estimate, F'1-Score
Verma et al.(2019) Typical CNN OA, Kappa estimate, IoU

Bag of Visual Words framework and

(Ranguelova et al., 2019) Speeded-Up Robust Features

OA, Precision, Recall, F1-Score
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3.  STUDY AREAS AND DATA

3.1.  Study areas

This research selected three cities, Mumbai, Nairobi and Rio, as study areas. These cities have been selected
because they are from different countries under different cultural background and have different
morphological characteristics reflected from satellite imagery. Besides, we had access to reference data for
all of them. As seen from the description in the following sub-sections, not only slums are different in these
three cities, but also the similarity of slums and non-slums is different.

3.1.1. Mumbai

Mumbai, also called as Bombay, is the capital city of the Indian, and is a densely built-up megacity. It has
experienced rapid growth over the past 20 years in terms of population and economy. The growth is mainly
caused by the millions of migrants who moved here from other areas in India due to the business and work
opportunities. In 1991, the census of India population showed that around 9.9 million people lived in
Mumbai. Up to now, it is estimated that around 20 million people live in the metropolitan area. This
tremendous increase has led to around 40% of residents (around 9 million) living in slums. Dharavi whose
area is only 2.17 km?, is the largest slum in Mumbai and the second largest slum in Asia. Approximately one
million people live there (The Census Organization of India, 2011).

The physical characteristics of slums in Mumbai mainly include high densities, clustering of small buildings,
and a rather organic morphology. Their roofing materials are mostly iron and asbestos sheets (Kuffer,
Pfeffer, Sliuzas, & Baud, 2016). Figure 3.1 shows several slum clusters in Mumbai on PlanetScope imagery.

The areas within red boundaties are slums.
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Figure 3.1 Slums in Mumbai. The areas within red boundaries are slums (Hannes Taubenbéck & Wurm, 2015)
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31.2. Nairobi

Nairobi is Kenya’s capital and has around 4.4 million people (Kenya National Bureau of Statistics, 2019).
Around 60% of the population (2.5 million) has settled in over 100 slums and squatter settlements on only
6% of the land (United Nations Human Settlements Programme, 2003). The rural-urban migration in Kenya
is the main reason for massive population growth in Nairobi (D6gg & Pétursdottir, 2011).

The housing of slums is usually poor. Most of the people live on the muddy ground in shanties made of tin
walls and tin roofs or other available materials. Most families live in a one-bedroom shack with no electricity

and no access to clean water. Sewage runs above-ground between the houses since access to latrines is rare
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(Dogg & Pétursdottir, 2011). Figure 3.2 shows several slum clusters in Nairobi using PlanetScope imagery
as background.

3.1.3. Rio de Janeiro

Rio de Janeiro, also called Rio, is the capital of the state of Rio de Janeiro, Brazil's third-most populous state.
More than 1.5 million people live in more than 700 slums, which is around 20% of Rio's total population.
95% of the population living in slums are poor. UN-Habitat identified four different types of slums in Rio
de Janeiro: Favelas, Loteamentons, Invasoes, and Corticos (UN-Habitat, 2003). The first three types of
slums lack basic infrastructure and services (Fricke, 2015). The last type could be regarded as social housing,.
Most of them were built illegally on hazardous spots without any formal urban planning and usually located

on the eastern part of Rio (Fricke, 2015). Figure 3.3 shows several slum clusters in Rio on PlanetScope
imagery.

; 'l. N = THN,
Figure 3.3 Slums in Rio. The areas within red boundaties are slums (Data.tio, 2018)
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3.2,

3.241.

Data

Satellite imagery data

This research uses PlanetScope imagery with a spatial resolution 3 m. There are mainly three reasons for

selecting this imagery:

©)

@)
3

Most FCNs studies for slum mapping either choose VHR satellite imagery, such as QuickBird
imagery, or medium resolution satellite (MR) imagery, such as Sentinel-2 (Ajami, Kuffer, Persello,
& Pfeffer, 2019; Verma et al.,, 2019; Wurm et al., 2019). However, higher spatial resolution of
satellite imagery does not guarantee better classification results (Huang & Zhang, 2013). Because
too much unnecessary information such as shadows may cause noise due to very high spatial
resolution (Wang, Kuffer, & Pfeffer, 2019). The optimal characteristic scales for slums in Dar es
Salaam, Bangalore and Pune are 3.39 m, 1.72 m and 4.29 m respectively (Wang et al., 2019).
Characteristic scale is defined as “the scale at which the dominant pattern emerges” (Padt & Arts,
2014). The spatial resolution of PlanetScope imagery (3 m) is closer to optimal characteristic scales
for slums in the three cities mentioned compared to that of VHR imagery or MR imagery. Though
slums in the above three cities may have different morphological characteristics compared to the
studies areas in this research, it is still worthy to try PlanetScope imagery. Because slums in the
above three cities also have different characteristics but averagely the optimal characteristic scale is
around 3 m. Up to now, no related studies have applied PlanetScope imagery for slum mapping by
FCNis;

Given that this research focuses on spatial transferability, to avoid the influences of sensors on
prediction results, this research uses PlanetScope imagery for all experiments;

PlanetScope imagery is open for researchers without costs, which makes it more accessible than
commercial VHR imagery (Planet Labs, 2017). Besides, it may perform better than Sentinel-2
imagery which is open for users because it is closer to optimal characteristic scales and contain more
detailed information of slums.

PlanetScope imagery has four bands, namely red, green, blue and near-infrared. It adopts Transverse

Mercator projection. Table 3.1 shows the retrieved date of imagery for each city.

Table 3.1 Retrieved date of imagery from Planet Scope

City Retrieved date
Mumbai 2019-10-11
Nairobi 2018-05-28, 2019-03-17

Rio 2016-08-29

For satellite imagery data, there are mainly four limitations which may bring uncertainties to prediction

results. They are:

©)
©)

)

though all of them are from PlanetScope, the viewing angles are different. This may cause some
slums occluded by shadows from high buildings in different ways;

the retrieved dates are different. This may cause different land cover situations, especially for
vegetation. As mentioned in section 2.1, green space is considered as one of the common features
of slums. The differences in vegetation caused by different retrieved dates may bring some errors;
due to lack of data from the same retrieved date, satellite imagery for Nairobi were made up by
imagery from two retrieved dates. Similar to (2), different spectral characteristics of slums and non-
slums caused by imagery from different retrieved dates may bring some uncertainties to the results;




ASSESSING THE SPATIAL TRANSFERABILITY OF FULLY CONVOLUTIONAL NETWORKS FOR SLUM MAPPING

(4) the retrieved dates of satellite imagery are different from the retrieved year of reference data. Due
to fast dynamics of slums, the realistic extent of slums in satellite imagery may be different from
the slum extent in applied slum reference data;

3.2.2. Slum reference data

Slum reference data are from multiple sources. Table 3.2 shows the sources of reference data for each city
and the year when they were generated. For Mumbai and Nairobi, the slum reference data are made by
visual interpretation based on very high resolution imagery such as Google earth imagery (Njoroge, 2016).
For Rio, the slum reference data are made by municipality in a “space first” way, based more on social and
economic characteristics on the ground. At the same time, the Rio reference data include some non-slums
due to data aggregation which makes slum follows administrative boundearies and merges areas where the
majority of households are slums.

Table 3.2 Sources of slum reference data for Mumbai, Nairobi and Rio

City Source Retrieved year
Mumbai Hannes Taubenbock & Wurm (2015) 2015
Nairobi Njoroge (2016) 2015

Rio Data.rio(2018) 2018

For reference data for Mumbai and Nairobi, there are mainly two limitations which may bring errors to the
FCN models. They are:

(1) some locations in satellite imagery are hard to be classified as slums or non-slums from imagery

(Njoroge, 2010);

(2) it is hard to determine boundaries of slums due to lack of an exact definition of slum boundaries.
Besides, local people and slum experts may have different opinions towards slum delineation

(Njoroge, 2010);

For reference data for Rio, slums were determined by ground information such as social and economic
conditions. Besides, there are non-slums in reference data due to data aggregation. In addition to the nature
of slums in Rio, consequently, slums in the reference data have very similar morphological characteristics as
non-slums. RS-based slum mapping approaches are usually unable to recognize social and economic
characteristics of slums from satellite imagery directly, which can make the performance of RS-based
approaches low in detecting slums in Rio from satellite imagery.
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4.  METHODOLOGY

41.  Assessment framework for the spatial transferability of FCNs for slum mapping
41.1. Definitions of spatial transferability of FCNs

Based on the existing studies, spatial transferability has mainly two meanings. First, it is defined as the
capability of methods to produce comparable classification accuracies with minimum changes in parameter
settings when applied to different geographic contexts (Pratomo et al., 2018). Second, it represents the
capability of producing comparable accuracies when applying a model trained on data from a specific region
referred to as source study area to another geographic area referred to as target study area (Agyemang-Duah
& Hall, 1997).

Based on the above two definitions, there are three dimensions of spatial transferability of FCNs for slum
mapping. Figure 4.1 shows the process of evaluating the second dimension of spatial transferability. Figure
4.2 shows the process of evaluating the third dimension of spatial transferability. For clarity, only two places
were added in both figure. In application, more than two study areas can be assessed.

(1) only minimum changes are required to determine FCN architectures, hyperparameters and training
strategies to reach optimal performance when training models on data from different study areas;

(2) the accuracy of a model trained on data from one source study area and tested on data from the
corresponding study area is similar to that of a model trained on data from a different source study
area and tested on data from the corresponding study area;

(3) when tested by the same pre-trained model, accuracies of the model tested on data from the same
source study area and tested on data from different target study areas are similar;

To clarify the second and third dimensions, the following matrix was made. Acc; j represents the accuracy
of a model trained on data from SA; (SA: source study area) and tested by data from TA; (TA: target study
area). For the second dimension, the diagonal entries, Accy 4, Acc, 5 ... Accy 4 (Acc: Accuracy) should be
similar. For the third dimension, the entries of each row, Acc; 4, Acc; 5 ... Acc; 4, should be similar. Standard
deviation (SD) is frequently used to show the variance of datasets. Hence, the values of SD can be used for
assessing the similarity of results. In addition to deviation, accuracy (the selection of accuracy indicators can
be found in section 4.3.4) is also important to evaluate the performance of models. Hence, the mean values
of the entries are also considered in the assessment. To summary, we can use SD and mean values of
diagonal entries, SDpiqg, Mpjqg, to reflect the performance of FCNs in spatial transferability for the second
dimension; use SD and mean values of each row, SDy,SD, ...SD,, M1, M, ... M,, to represent the third
dimension of spatial transferability.

SD;, M,

Accy 4 Accy ... Accy g SD, M,
Accza Acczz.. Acczn | :

i : : SD, M,

Accy, Accy ... Accy g,
SDDiag MDiag

In short, if an FCN model has high spatial transferability, then in terms of the second dimension, SDp;q4 18

low and Mp,,, is high; in terms of the third dimension, SD;, SD, ... are low and M;, M, ... are high.
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From Place 1 From Place 2
“Mini Ch e
Do i onee FCN Models FCN Models
- Data preparation
- Selection of FCN models
- Hyperparameter setting
From Place 1 From Place 2
Accy 4 Acc; 5
R No The second dimension of
similar to i o
Acc, 5? spatial transferability is low
Yes

The second dimension of
spatial transferability is high

Figure 4.1 The process of evaluating the second dimension of the spatial transferability

From Place 1

FCN Models
From Place 1 From Place 2
Accy 4 Accy 5

.A‘.T‘-Lt No The third dimension of spatial
similar to . .
Acc, ; ? transferability is low

Yes

The third dimension of spatial
transferability is high

Figure 4.2 The process of evaluating the third dimension of the spatial transferability
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41.2. Adaptations in training strategies for improving spatial transferability

For FCNs, there are potentially three adaptations in training strategies to improve the spatial transferability.
Figure 4.3 shows how these adaptations work to improve the spatial transferability of FCNs. Acci_g_»
represents the accuracy of the model trained on data from place 1 then fine-tuned by data from place 2 and
finally tested on data from place 2. Accio_; represents the accuracy of the model trained data from place 1
and place 2 and tested on data from place 1. Other annotations can be understood in this way.

Adaptation 1 Adaptation 2 Adaptation 3
From Place 1 From Place 1, From Place 1,
Place 2 Place 2
FCN Models
FCN Models FCN Models

From Place 2 From Place 1 From Place 2
From Place 1 From Place 2

FCN Models Accy, , Accy, ,
FCN Models FCN Models

From Place 2

From Place 1 From Place 2

Acc, ¢ ,

Accyy s 1 Accy; + 5

Figure 4.3 Three potential adaptations to improve the spatial transferability of FCNs

The first adaptation is applying fine-tuning the model trained on one source study area with data from a
different study area before predicting slums in the different study area. It makes use of learnt features from
other datasets with similar data distribution for the target task. If this adaptation works, SD of Acc 4,
Accy ¢ 5 and Accy gy 3 will be lower than SD of Acc, 4, Accy 5 and Accy 3; Mean values of Accy 4, Accy g4 5
and Accy g 3 will be higher than mean of Accy 4, Accy ; and Accy 3.

The second adaptation is combining training data from multiple source study areas. This strategy may help
reduce differences among accuracies of the model tested on data from these study areas. 1f this adaptation
works, for example, SD of Accy, 1 and Accy; , will be lower than SD of (Accy 1, Accy ) and (Acc, 4, Accy ,);
Mean of Accy, 1 and Accy, , will be higher than mean of (Accy 4, Accy ) and (Acc, 4, Acc, ).

The third way is training FCN model by using combined training data from multiple source study areas,
then fine-tuning the model with data from one of these source study areas or other target study areas and
finally testing the fine-tuned model on the data for fine-tuning. The targeted area can be the same as or
different from source study areas. If this adaptation works, for example, SD of Accy, ¢ 1, ACCrp fr  and
Accyy g 3 will be lower than that of (Accy 1, Accy 5, Accy 3) and (Acc, 4, Accy 5, Accs 3); Mean of Accyy gt 4,
Accyy gt 5 and Accy, g 3 will be higher than that of (Accy 4, Accy 5, Accy 3) and (Acc, 4, Acc, 5, Accs 3).
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4.2.  Experiments for assessing the spatial transferability

The above sections describe three dimensions of spatial transferability of FCNs for slum mapping and three
adaptations in training strategies which may improve the spatial transferability. For time limitation of this
research and due to complex process of selecting hyperparameter setting for FCN models, this research
does not explore the influences of different selection of FCN architectures on the performance of the FCN
models. Instead, this research focuses on the second and third dimensions of the spatial transferability for
FCNs and how three adaptations can help improve the spatial transferability. Specifically, this research is

designed to focus on the following parts:

(1) selecting a suitable FCN architecture and its hyperparameter setting for the architecture trained for
different source study areas;

(2) exploring the second dimension of the spatial transferability;

(3) exploring the third dimension of the spatial transferability;

(4) exploring how three adaptations in training strategies influence the spatial transferability. of FCNs
for slum mapping:
1) Adaptation 1 — Fine-tuning the model pre-trained on one source study area with data from a

different target study area;

2) Adaptation 2 — Training model with datasets combined with multiple source study areas;

3) Adaptation 3 — Fine-tuning the model pre-trained on datasets from multiple source study areas;

Table 4.1 Expected results of experiments (Acc: Accuracy; M: Mumbai; N: Nairobi; R: Rio; MN: Mumbai and
Nairobi; MR: Mumbai and Rio; NR: Nairobi and Rio; M_M: the model trained on Mumbai dataset and tested on

Mumbai dataset (similar meanings for other codes))

Experiment Expected results

The second dimension (Accy y, Accy y, Accg g)

(Accy_m, Accy_n, Accy g),
The third dimension (Accy y, Accy y, Accy ),
(Accg y, Accg y, Accg )

Adaptation 1 (Accy ACCM_ft_N' ACCM_ft_R)

(Aceyn_mr Aceyn_ny ACCun r),
(Accyp_my AcCypr ) ACCyg R),

Adaptation 2

(Accygr_my Accyg ny ACCyg R),

(Accynr_my AcCynr Ny ACCyng R)
Adaptation 3 (ACCMNR_ft_MI ACCMNR_ft_Nl ACCMNR_ft_R)
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4.3.  Experiment setting-up
4.3.1. Data preparation

For each city, 5 tiles of 1000 x 1000 pixels covering an area on the ground of 3 km x 3 km have been selected
for training tiles and 2 tiles with the same size have been chosen for testing tiles. The preparation of training
data and testing data is based on the data preparation strategy in previous researches (Liu, Kuffer, & Persello,
2019; Persello & Stein, 2017) and a lot of trials. Figure 4.4, 4.5, 4.6 show slum maps and spatial distribution
of the selected training and testing tiles for Mumbai, Nairobi and Rio respectively. Only two classes are
available from the reference data of each city, namely “slums” and “non-slums”. Slum reference data were
presented as polygons in shapefile originally. They were converted to a raster format with the same spatial
resolution as imagery data. The selection of the tiles was based on two rules:

(1) 20%-50% of tile area is slums based on slum reference data;
(2) The selected tiles distribute in different parts of each city;
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Figure 4.4 Slum map of Mumbai and spatial distribution of training and testing tiles for Mumbai
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Figure 4.5 Slum map of Nairobi and spatial distribution of training and testing tiles for Nairobi
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Figure 4.6 Slum map of Rio and spatial distribution of training and testing tiles for Rio
43.2.  FCN architecture

Previous researches about the spatial transferability of FCNs selected FCN-VGG19 as the architecture for
experiments (Stark et al., 2019; Wurm et al., 2019, 2019). One limitation of FCN-VGG19 is that only three
bands of input imagery data can be used for training (Long et al., 2015).

Persello and Stein (2017) applied another FCN architecture for slum mapping, which makes use of dilated
kernels (DKs) to keep the shape of prediction results the same as input data without deconvolution, and
supports any number of bands of input imagery data for training. DKs are realized by inserting zeros
between original elements of convolution filters. A dilation factor (d) means adding (d-1) zeros between
each element of filters. After one operation of dilated convolution, the size of the kernel turns to H' X W' =
[dx(H—-1)+1]x[dx (W —1) + 1] (Hand W represents height and width of the original kernel). By this
way, the receptive field can be enlarged exponentially and do not require more learnable parameters. Figure
4.4 shows the receptive fields of dilated kernels when d=1 and d=2.

(1) (2)
Figure 4.7 Receptive fields of a 3x3 kernel when d=1 and 2. Orange grids represent the receptive field of the kernel.
Gray circles mean weights to be learnt. (1) d=1, receptive field=(3,3); (2) d=2, receptive field=(7,7).

The original architecture from Persello and Stein (2017) consists of 6 blocks. Hence, it is called as FCN-
DKao6. Each block consists of one zero padding layer, one convolutional layer, one batch normalization layer,
one leaky Rectified Linear Units (IReLLU) layer, another zero padding layer, and one max pooling layer. After
6 blocks, one dropout layer, one classification layer and one loss function are added at the end of the
networks. Zero paddings are used for keeping the output feature maps with the same shape as the input
imagery data. Hence, FCN-DKs can classify images at arbitrarily sizes and produce outputs with the

corresponsive size (Persello & Stein, 2017). Batch normalization is used for normalizing each input mini-
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batch to avoid internal covariate shift issue during training the model. Internal covariate shift issue usually
occurs when the inputs to each layer are calculated cumulatively by all preceding layers. Hence, the
distribution of each layer’s input will be changed when learnable parameters from previous layers change
(loffe & Szegedy, 2015). Leaky ReLU is the activation function for the architecture, which can help
determine whether one pixel belongs to slums or non-slums (Xia, 2019).

Liu et al. (2019) modified the architecture by replacing one convolution layer with 5 x 5 kernel size in each
block with two convolution layers with 3 x 3 kernel size. In this way, the receptive field of convolution layers
keeps the same and the learnable parameters are reduced. Besides, it turns out that the performance of the
modified FCN-DKG6 is better than the original architecture for slum mapping. Therefore, the FCN
architecture proposed for this research is adapted from the modified FCN-DKG6 from Liu et al. (2019).
Instead of using 6 blocks in the architecture, the proposed FCN-DK architecture consists 5 blocks, which
is called as FCN-DKS5. Because by trial and error, FCN-DK5 shows highest stability in terms of
hyperparameter setting and training data from different study areas among FCN-DK1, FCN-DK2, FCN-
DK3, FCN-DK4, FCN-DK5 and FCN-DKG6 for experiments in this research. Figure 4.8 shows the
architecture of the proposed FCN-DKS5 for this research. Table 4.2 presents the structure of the FCN-DKS5.

Training data

Reference data

Reference data

J Training FCN-DK5

i

-Zero Padding IReLU -Convolutlon (1x1)
-Convolutlon with DK - Max Pooling SoftMax

Batch Normalization - Dropout

Figure 4.8 Architecture of the proposed FCN-DKS5 for this research

Imagery data

% Testing
7l FCN-DK5

i

Classification

Table 4.2 The structure of the proposed FCN-DKS for this research

Layer Module type Parameters
ZeroPadding 2,2
Convolution kernel size=3x3; number of filters=10; dilation rate=(1,1)
BatchNormalization -—-

DK IRel.U . 0.1 . _
Convolution kernel size=3x3; number of filters=106; dilation rate=(1,1)
BatchNormalization -

IRelLU 0.1
ZeroPadding 2,2
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MaxPooling pool size=(5,5); strides=1
ZeroPadding 4, 4
Convolution kernel size=3x3; number of filters=32; dilation rate=(2,2)
BatchNormalization ---
IReLU 0.1

DK2 Convolution kernel size=3x3; number of filters=32; dilation rate=(2,2)
BatchNormalization ---
IReLU 0.1
ZeroPadding 4,4
MaxPooling pool size=(9,9); strides=1
ZeroPadding (6, 6)
Convolution kernel size=3x3; number of filters=32; dilation rate=(3,3)
BatchNormalization ---
IReLU 0.1

DK3 Convolution kernel size=3x3; number of filters=32; dilation rate=(3,3)
BatchNormalization ---
IReLU 0.1
ZeroPadding (6, 6)
MaxPooling pool size=(13,13); strides=1
ZeroPadding 8,8
Convolution kernel size=3x3; number of filters=32; dilation rate=(4,4)
BatchNormalization -
IRelLU 0.1

DK4 Convolution kernel size=3x3; number of filters=32; dilation rate=(4,4)
BatchNormalization ---
IReLU 0.1
ZeroPadding (8, 8)
MaxPooling pool size=(17,17); strides=1
ZeroPadding (10, 10)
Convolution kernel size=3x3; number of filters=32; dilation rate=(5,5)
BatchNormalization -
IReLU 0.1

DK5 Convolution kernel size=3x3; number of filters=32; dilation rate=(5,5)
BatchNormalization -—-
IReLU 0.1
ZeroPadding (10, 10)
MaxPooling pool size=(21,21); strides=1
Dropout 0.2

Classification ~ Convolution kernel size=(1, 1); number of filters=2(number of classes)

SoftMax ---
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4.3.3. Training the networks

The training patches for the networks are overlapped by 32 pixels for data augmentation. For each training
tile, 784 patches have been generated. Table 4.3 shows the numbers of training patches of different datasets.
The shape of patches for this research is 128 x 128 pixels. The training patches for each dataset will be
shuffled randomly before training the model.

Table 4.3 Number of training patches for each dataset

Datasets Number of training patches
Mumbai (M) 3920
Nairobi (N) 3920
Rio (R) 3920
Mumbai and Nairobi (MN) 7840
Mumbai and Rio (MR) 7840
Nairobi and Rio (NR) 7840
Mumbai, Nairobi and Rio (MNR) 11760

The networks are trained by stochastic gradient descent (SDG) with a momentum of 0.9. Minibatches of 32
samples were chosen for training. Batch normalization was added after every convolution layer as shown in
table 4.2. A dropout rate of 0.2 was applied before the classification layer. The FCN-DKS5 was trained on
MNR dataset by initializing weights randomly. The model was trained for 100 epochs at a learning rate of
102 with a learning rate decay of 104 The trained weights (Wanr_niiat) are used as initialized weights for
experiments for the second and third dimension of spatial transferability of FCNs and for the adaptation 2.
Table 4.4 presents tasks for each experiment, initialized weights, parameters and expected output weights
for each task.

Table 4.4 Initialized weights, learning rate, decay, epochs, expected output weights of tasks for each experiment

Experiment Tasks Inl.tlahzed Parameters Ou.tp ut
weights weights
The second (1) Train the model on M dataset; learning rate=10-2 (DHWn
dirrf ;cion (2) Train the model on N dataset; WaNR_Inial ~ decay=104 2)Wx
ensio (3) Train the model on R dataset; epochs=100 (3)Wr
gi}r]reletrkllslir(()in Use the trained models from the experiments for the second dimension

(1) Fine-tuning the pre-trained model on M

Adaptation 1 dataset with N dataset; W learning rate=10-+ (DW_g N
ptatio (2) Fine-tuning the pre-trained model on M M epochs=50 (2)Wht fe_r
dataset with R dataset;
(1) Train the model on MN dataset; learning rate=10-2 (D)W
(2) Train the model on MR dataset; WaNR_mnial ~ decay=10+ (2)War
Adaptation 2 (3) Train the model on NR dataset; epochs=100 (3)Wnr
- — 3
(4) Train the model on MNR dataset; WMNR_Initial learning rate=10 (4) Whnr

epochs=50
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(1) Fine-tuning the pre-trained model on
MN dataset with M dataset;
(2) Fine-tuning the pre-trained model on

learning rate=10-

(DHWhan_eem

MN dataset with N dataset; Wiy epochs=50 (? xMN:‘t:I‘N
(3) Fine-tuning the pre-trained model on By Wnan_e x
MN dataset with R dataset;

Adaptation 3
(4) Fine-tuning the pre-trained model on
MNR dataset with M dataset; W
(5) Fine-tuning the pre-trained model on Wana learning rate=10- Eziwiiijj\;

MNR dataset with N dataset;
(6) Fine-tuning the pre-trained model on

epochs=20

(B)Wanr_e R

MNR dataset with R dataset;

4.3.4. Accuracy assessment

Applying commonly accepted accuracy measurements for describing the quality of prediction results is
essential for comparing the performance of different experiments and other researches. In this research,

accuracies of the models are evaluated by prediction accuracies on testing tiles.

As mentioned in the section 2.5, researches related to slum mapping have adopted many accuracy indicators
such as OA (overall accuracy), precision, recall, IoU, F1 score and Kappa estimate. A recent research proves
that Kappa estimate is not suitable for image classification tasks (Hossin & Sulaiman, 2015). Similarly, OA
can mislead the prediction results, especially when applied to imbalanced images (Hossin & Sulaiman, 2015).
High OA does not guarantee good performance of models for predicting minority class such as slums. For

these reasons, the evaluation metrics in this research resorted to precision, recall, F1 score and IoU.

Precision (P) is the ratio of correctly predicted slum pixels to the total predicted slum pixels. Recall (R) is
the ratio of correctly predicted non-slum pixels to the total predicted non-slum pixels (Hossin & Sulaiman,
2015). F1 score is defined as the harmonic average of Precision and Recall and is considered more useful
than OA.(Hossin & Sulaiman, 2015). IoU is the ratio of correctly predicted slum pixels to the total predicted
slum pixels and wrongly predicted slum pixels. It is the standard metric to assess the PASCAL VOC
challenges, which are famous computer vision contests (Liu, Salberg, & Jenssen, 2018). Table 4.5 presents
the confusion matrix for binaty classification. Formula 4.1, 4.2, 4.3 and 4.4 show the calculation of four

selected measurements.

Table 4.5 Confusion matrix for binary classification

Positive Prediction
True Positive (TP)
False Positive (FP)

Negative Prediction
False Negative (FIN)
True Negative (TN)

Positive Class

Negative Class

p=—TP (41
=7prrp (D
R=mpvrn @2
F1 xR a3
score—P_l_R (4.3)
IoU = e 44
oU=rprrprrn 4P
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4.3.5. Software and Platform

ENVI 5.5 was used for mosaicking PlanetScope imagery for each city. ArcGIS 10.7 was used for generating
reference data from polygon to raster with the same spatial resolution as imagery data. Python is used for
implementing FCNs and ploting prediction results. The implementation of the model is based on the

TensorFlow framework and Keras libraries.

The proposed FCN model is trained on Google CoLab, which provides a single 12GB NVIDIA Tesla K80
GPU. The GPU is free for users and sufficient for this research. Besides, it can connect to Google Drive
which can provide large storage for satellite imagery. The scripts and data stored on Google CoLab and

Google Drive can be conveyed to other researchers more conveniently.
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5. RESULTS AND DISCUSSION

This chapter analyses the results of the conducted experiments and assesses the spatial transferability of
FCNs for slum mapping. For clarity, not all results but only key results are displayed in the chapter. Complete
results can be found in table A.1, table A.2 and table A.3 in appendix, which include precision, recall, F1
score and loU of two testing tiles (IT'S1 and TS2) and their average accuracies for all experiments for
Mumbai, Nairobi and Rio.

5.1.  Assessment of the second dimension of the spatial transferability of FCNs

The second dimension of the spatial transferability of FCNs for slum mapping is measured by the
differences in the accuracies of a model trained on data from one source study area and tested on data from
the same study area, and a model trained on data from a different source study area and tested on data from
the corresponding study area. Figure 5.1 shows the experiments implemented for the second dimension.
Accy_m means the accuracy of the model trained on Mumbai data and tested on Mumbai data. Acen_nand
Accp_g can be understood in the way as the meaning of Acey .

For the second dimension

From Mumbai From Nairobi From Rio
FCN Models FCN Models FCN Models
From Mumbai From Nairobi From Rio
Accy m Accy y Accg 5

Figure 5.1 The process of implementing experiments for the second dimension of the spatial transferability of FCN
models in this research. “Acc” represents accuracy. M_M means the model trained on Mumbai data and tested on
Mumbai data. N_N and R_R have similar meanings.

The precision, recall, F1 score, and IoU of M_M, N_N and R_R are shown in table 5.1. F1 score and IoU
indicators evaluate the performance of models in an integrated way. Based on these results, it can be
concluded that the FCN model M_M performs best IoU=65.09%), whereas the FCN model R_R performs
worst (IoU=31.42%). The standard deviation (SDp2) and the mean value (Mpy) of the second dimension of
spatial transferability are 0.171 and 46.63% (based on IoU). Figure 5.5, 5.6, 5.7 show the prediction maps of
two testing tiles (T'S1 (left) and TS2 (right)) for Mumbai, Nairobi and Rio.

Table 5.1 Average precision, recall, F1 score and IoU of M_M, N_N and R_R

Experiment Precision Recall F1 score IoU
M_M 84.77% 73.95% 79.00% 65.09%
N_N 66.88% 55.62% 60.73% 43.39%
R_R 51.92% 44.67% 48.02% 31.42%
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In these experiments, the recall refers to the ratio of pixels truly predicted as slums to all pixels predicted as

slumsand precision refers to the ratio of pixels truly predicted as slums to all pixels labelled as slums. Low

recall and precision values indicate that the trained FCN model is unable to distinguish slums and non-slums

from satellite imagery. Figure 5.2 explains the inference of precision and recall values for slum mapping. In

short, low recall indicates that the similarity between slums and non-slums in the study areas is large and

thus many non-slum pixels have been predicted as slums. On the other hand, low precision indicates that

the diversity within slums in this same study area is large and thus slums in testing tiles cannot be predicted

as slums. Besides, these two aspects can influence =each other. For example, if the similarity between slums

and non-slums is too large, then the learnt features might be too weak to detect slums from satellite imagery

and, thus, both precision and recall would be very low.

Truly predicted slum
pixels / Labelled slum
pixels

Truly predicted slum
pixels / Total predicted
slum pixels

Many labelled slum
pixels were not predicted
as slums

Learnt features are not
helpful in detecting
slums in testing data

Morphological features
of slums in training data
are different from that in

testing data

The diversity within
slums is large

Many labelled non-slum
pixels were predicted as
slums

Learnt features are not
helpful in differentiating
slums and non-slums

Morphological features

of slums in training data

are similar to non-slums
in testing data

The similarity between
slums and non-slums is
large

Figure 5.2 Description of the precision and recall metrics for assessing slum mapping results

In these experiments, the highest recall was produced for M_M (84.77%) and R_R (51.92%) =.

Satellite

imagery together with slum reference data of the investigated three cities ( figure 5.3), revealed that the

discrimination between slums and non-slums in terms of morphological characteristics in Mumbai is much

more obvious than that in Nairobi or Rio.
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-

Figure 5.3 Appearances of slums and surrounding non-slums in Mumbai (up), Nairobi (middle) and Rio (down).
Slums are delineated within red boundaries.

Low precision values indicate that the diversity of slums is large. Hence, the trained model is unable to
detect slums from testing tiles based on the learnt features from training tiles. Figure 5.4 shows typical
morphological characteristics of slums in training and testing tiles of Mumbai, Nairobi and Rio. It can be
found that slums in Mumbai and Nairobi are more diverse than those in Rio. However, due to large similarity
in terms of morphological characteristics between slums and non-slums in Rio, both of the precision and
recall values of R_R are the lowest. Besides, it can be found that the precision values of all three experiments
are higher than recall values. This may indicate that the similarity between slums and non-slums brings more
errors to the model compared to the diversity within slums in the same city.

Slums in Testing Data
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Slums in Testing Data

Figure 5.4 Typical morphological features of slums in training and testing data of Mumbai, Nairobi, Rio

The lowest precision and recall indicate that slums in Rio are hard to be detected. The low performances of
R_R is mainly caused by two reasons. The first reason is related to the nature of slum situation in Rio.
Multiple types of slums exist in Rio and some of them ate similar to non-slums in terms of morphological
characteristics as mentioned in section 3.1.3. Favela and cortigo are two main types of slums in Rio. Favelas
are usually agglomerated by dense dwellings and built with informal materials such as cardboard, tin and old
wood. They are distributed irregularly and often do not have adequate basic services and infrastructure. A
cortico consists of several buildings built on an urban lot and it is always subdivided into rent units with
multiple functions in the same room. The physical appearances of cortico are similar to formal settlements
in Rio, which means it is hard to differentiate them from other formal settlements from satellite imagery.
The ratio of favela dwellers to cortico dwellers is round 3:1. (Ferreira, Machado, Franco, & de Mello Franco,
2020) The second reason is telated to the collection of slum reference data. As mentioned in section 3.2.2,
slums in the reference data for Rio were determined by ground information such as social and economic
conditions rather than only morphological characteristics. Besides, there are non-slums in reference data
due to data aggregation according to the administrative boundaties. In consequence, the mixture of favela,
cortico and other types of slums and collection approaches of slum reference data in Rio result in large
similarity between cortico and non-slums and, consequently, make prediction accuracies of R_R much lower
compared to M_M and N_N.
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As for Mumbai, Taubenb6ck & Kraff (2014) compared the differences of building density, size and height
across slum areas at block level. They found out there is no considerable difference in building density of
slums. The differentiation between slums and non-slums in building size is clear. Compared to non-slum
areas, slum areas are more homogenous. Building height across slum areas is also homogenous, which is
typically identified as one- or two-floor height. However, slums in Mumbai are also heterogeneous at
different levels. They developed the “heterogeneity index”(HI) integrated from building density, size and
height to evaluate the heterogeneity of slums. According to the reported results, HI of Dharavi is higher
than that of Santosh Nagar and Bharat Nagar. This research helps explain why the model M_M performs
best among three cities but does not achieve 100% accuracy. For these reasons, many related studies used
Mumbai as a benchmark for slum mapping (Ibrahim, Titheridge, Cheng, & Haworth, 2019; Kuffer, Pfeffer,
Sliuzas, et al., 2016; Kuffer et al., 2018; Stark, 2018; Stark et al., 2019; Verma et al., 2019; Wurm et al., 2019).

In terms of the second dimension, spatial transferability of FCNs for slum mapping is low given the large
differences in accuracies of M_M, N_N and R_R. This finding is also supported by the research of Stark
(2018) where IoU of FCN-VGG19 trained and tested on Mumbai data (QuickBird imagery) is 66.12% and
IoU for Delhi data is 48.85%. The author adopted a different FCN architecture and different RS satellite
imagery but obtained similar findings. These findings indicate that FCNs achieves different accuracy for
slum mapping when applied in different study areas. This happens because of the different levels of
heterogeneity of slums and similarity between slums and non-slums in these three cities. M_M performs
best because the diversity within slums in Mumbai is low and the similarity between slums and non-slums
is also low. Besides, slum reference Reference data collection approaches may also explain the low spatial
transferability of FCNs. Reference data for Mumbai and Nairobi are generated through visual interpretation
of slums from satellite images , whereas those for Rio are ground-based collected data . This means that
slums in Mumbai and Nairobi are easier to be detected from satellite images than that in Rio. In addition to
data aggregation, some non-slums were included in the reference data for Rio. For these reasons, the

performance of R_R is the worst among the three designed and implemented experiments.

0
200
400
600

800

Figure 5.5 PlanetScope imagery (left), slum reference maps (middle), probability maps (right) of TS1 (up,
IoU=061.63%) and TS2 (down, IoU=69.65%) of Mumbai (Experiment: M_M)
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Figure 5.6 PlanetScope imagery (left), slum reference maps (middle), probability maps (right) of TS1 (up,
1oU=33.92%) and TS2 (down, IoU=56.86%) of Nairobi (Experiment: N_N)
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Figure 5.7 PlanetScope imagery (left), slum reference map (middle), classification maps (right) of TS1 (up,
1oU=27.97%) and TS2 (down, IoU=33.79%) of Rio (Experiment: R_R)
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5.2.  Assessment of the third dimension of the spatial transferability of FCNs

The third dimension of the spatial transferability of FCNs can be assessed by the accuracies of the same
pre-trained model tested on data from the same source study area and tested on data from different target
study areas. Figure 5.8 shows the process of implementing the experiments for the third dimension of the
spatial transferability of FCNs for slum mapping in this research.

From Mumbai From Nairobi
FCN Models FCN Models
From Mumbai From Nairobi From Rio From Mumbai From Nairobi From Rio
Accy m Accy y Accy g Accy Accy_y Accy g
From Rio
FCN Models
From Mumbai From Nairobi From Rio
AcCy u Accq o Accq & For the third dimension

Figure 5.8 The process of implementing experiments for the second dimension of the spatial transferability of FCN
models in this research

IoU, F1 score together with SD and mean values obtained for the experiments dedicated to assessing the
third dimension of the spatial transferability are shown in table 5.2 and table 5.3. The results revealed that
the accuracy of the model trained on one source study area and tested on a different target study atrea is
much lower than tested on the corresponding source study area. For instance, the IoU of M_M is 65.09%,
but the IoU of M_N and M_R is only 0.34% and 10.58% respectively. Similar observations can be found
from experiments related to Nairobi and Rio. The SD values of (Accm m, Acem N, Acem r) and (Acen i,
Acen_n, Acen_r) are higher than those of SDp2 (0.171). This means that pre-trained model | applied directly
on data from different target study areas produces less comparable accuracies. The SD of (Accr_wm, Accr_n,
Accg_gr) is lower than SDp; but its mean IoU (14.77%) is much lower than that of Mp; (46.63%).

As seen in figure 5.4, the different morphological characteristics of slums and non-slums in the three
investigated cities reflected on satellite imagery mainly caused the low spatial transferability of FCNs in terms
of the third dimension. These differences made learnt features from data in one source study area unable to

directly detect slums in other target areas with different slum characteristics.
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In summary, in terms of the third dimension, spatial transferability of FCNs for slum mapping is low when

a model trained on a source study area is tested on data from other different target study areas with different

morphological characteristics of slums reflected on satellite imagery.

Table 5.2 IoU, SD and mean of the experiments for the third dimension

Tr;;r:;ng Testing data D Mean
M N R

M 65.09% 0.34% 10.58% 0.348 25.34%

N 1.31% 43.39% 0.62% 0.245 15.10%

R 0.03% 12.87% 31.42% 0.158 14.77%

Table 5.3 F1 score, SD and mean of the experiments for the third dimension

Training Testing data D Mean
data M N R

M 79.00% 0.68% 19.16% 0.409 32.94%

N 2.60% 60.73% 1.23% 0.34 21.52%

R 0.07% 22.88% 48.02% 0.24 23.66%
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5.3.  Assessment of the influences of three adaptations on the spatial transferability of FCNs

In this section, the results of the proposed three adaptations will be analysed to see how they can influence
the spatial transferability of FCNs for slum mapping. These adaptations are considered to improve the
spatial transferability if they decrease SD values and increase mean values of accuracy indicators produced
by the trained model compared to the results of the experiments for assessing the second dimension (M_M,
N_N, R_R) and the third dimension of the spatial transferability (M_M, M_N, M_R). This process can be
seen in figure 5.9. In this case, loU is adopted as the indicator to measure SD and mean values.

Adaptation 1: Mean,,, SD,;
Adaptation 2: Mean,,, SD,,
Adaptation 3: Mean,s, SD,;

Mean
M_M, N_N, R_R — Meany, < Mean,
T SDp, SDy, > SD,
Meang;
M_M, M_N, M_R sD,, Vieans <Mean,
SDp3 = SD,

Figure 5.9 The process of judging whether the proposed adaptations improve the second and third dimension of the
spatial transferability of FCNs. A means Adaptation. D means Dimensions.

Figure 5.10 depicts the process of implementing the experiments for the three adaptations for assessing the
spatial transferability of FCNs for slum mapping. These three adaptations are:

1) Adaptation 1 — Fine-tuning the model pre-trained on data from a source study area with data from
a different target study area before predicting slums in this different target study area;

2) Adaptation 2 — Training the model with datasets combined with multiple source study areas;

3) Adaptation 3 — Fine-tuning the model pre-trained on datasets from multiple source study areas with
data from a different target study area before predicting slums in different target study area;

Adaptation 1 Adaptation 2
Adaptation 3
From Mumbai P
and Nairobi
From Mumbai From Mumbai
and Nairobi
FCN Models
FCN Models
FCN Models
From Mumbai From Nairobi From Rio
From Nairobi From Rio From Mumbai From Nairobi From Rio
FCN Models FCN Models FCN Models
FCN Models FCN Models AcCyn m AcCyn n G
From Mumbai From Nairobi From Rio
From Nairobi From Rio
From Mumbai From Nairobi From Rio
Ach_ﬂ_N Ach_ﬁ_R
AchN_fl_M ACCMN_n_N AchN_ll_R

Figure 5.10 The process of implementing experiments for the three adaptations for assessing the spatial
transferability of FCNs for slum mapping
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5.3.1. Adaptation 1 - Fine tuning

Table 5.4 shows IoU and F1 score of M_M, M_ft N and M_ft R and comparison with that of the
experiments for the second and the third dimension of the spatial transferability. It can be observed that
TIoU of M_ft N (43.61%) is similar to that of N_N (43.39%) and much higher than that of M_N (0.34%).
IoU of M_ft_R (29.76%) is a bit lower than that of R_R (31.42%) but much higher than that of M_ft R
(10.58%). Besides, SDa1 (SD of the IoU of experiments for adaptation 1) (0.178) is also closer to SDp2 (0.171)
and is much lower than SDps (0.348). Figure 5.10 and 5.11 show probability maps and IoU of testing tiles
for Nairobi and Rio under the experiment M_ft N and M_ft_R respectively.

The results indicate that fine-tuning can help effectively transfer learnt features of slums in one source study
area to a task for predicting slums in a different target study area. Compared with the results from M_M,
M_N and M_R, adaptation 1 improves the third dimension of the spatial transferability of FCNs for slum
mapping. Compared with the results from M_M, N_N and R_R, adaptation 1 does not improve the second
dimension. This happens because the SDa; is lower than SDpj3 and higher than SDp2; Meanai is higher than
Meanp; but lower than Meanp,. This means the results after fine-tuning are less comparable and lower in
prediction accuracies compared to the model trained and tested on data from the same study area. However,
they are more comparable and have better prediction accuracies compared to the model trained on data
from one source study but tested on data from a different target study area. In other words, adaptation 1
makes prediction accuracies close to accuracies of M_M, N_N and R_R with lower computational cost and
help to improve the third dimension of the spatial transferability but cannot improve the second dimension.

Table 5.4 F1 score, IoU of experiments for adaptation 1 and comparison with that of other experiments

Experiment F1 IoU Experiment F1 IoU Experiment F1 IoU
M_M 79.00% 65.09% M_M 79.00% 65.09% M_M 79.00% 65.09%
M_ft N 60.96% 43.61% N_N 60.73% 43.39% M_N 0.68% 0.34%
M_ft R 46.11% 29.76% R_R 48.02% 31.42% M_R 19.16% 10.58%

SDa1 0.165 0.178 SDp2 0.156 0.171 SDps 0.409 0.348
Meanai 62.02% 46.16% Meanp; 62.58% 46.63% Meanp; 32.94% 25.34%
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Figure 5.11 PlanetScope imagery (left), slum reference map (middle), classification maps (right) of TS1 (up,
1oU=29.43%) and TS2 (down, IoU=60.05%) of Nairobi (Experiment: M_ft_N)
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Figure 5.12 PlanetScope imagety (left), slum reference map (middle), classification maps (right) of TS1 (up,
1oU=30.90.97%) and TS2 (down, IoU=28.86.79%) of Rio (Experiment: M_ft_R)

5.3.2. Adaptation 2 - Training datasets from multiple study areas

The IoU results of the experiments using combined datasets from multiple source study areas are shown in
table 5.5. The SD and mean values of the experiments and other experiments are shown in table 5.6. Figure
5.12, 5.13 and 5.14 display probability maps and IoU of two testing tiles (T'S1(left), TS2(right))of Mumbai
under the experiment MN_M, MR_M and MNR_M.

The IoU of MN_M (IoU=66.38%) is higher than that of M_M (IoU=65.09%). The IoU of MN_N
(IoU=44.89%) is higher than that of N_N (IoU=43.39%). The combination of datasets from Mumbai and
Nairobi can help improve the performance of the model when tested on data from these two cities. The
IoU of MR_M (62.58%) drops compared to that of M_M. While the IoU of MR_R (IoU=31.66%) slightly
increases compared to that of R_R IoU=31.42%). Combining datasets from Mumbai and Rio can slightly
improve the prediction accuracy of testing data from Rio while reduces the accuracy for Mumbai.

As mentioned in section 5.1, due to ground-based data collection approach together with data aggragation
and the complex nature of slums in Rio, the similarity between slums and non-slums in terms of
morphological characteristics is quite large reflected on satellite imagery, which results in low IoU of R_R.
Slums in Mumbai are more distinctive from non-slums in terms of morphological characteristics. Besides,
slum reference data in Mumbai is mainly based on physical appearances reflected on VHR satellite imagery.
Therefore, for Mumbai, combining datasets from Rio may increase confusion to the classification rules of
the model. However, when adding datasets from Mumbai, the performance of the Rio model was improved.
Reference data of slums in Nairobi also includes some slums with similar appearances as non-slum areas.
Therefore, adding datasets from Mumbai decreases confusion in training data and increase the amount of
training data for the model. The improvement in accuracies for Mumbai may be caused by more training
data for the model. When combining dataset from Rio, the performance of related models decreases. This
might happen because the training datasets from Rio confuses the model.
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The IoU of MN_R (0.53%), MR_N (0.16%) in table 5.5 revealed that the prediction accuracy is low when
the model is trained on data from one or more source study areas and tested on data from a different target
study area directly. The high IoU of NR_M (28.61%) maybe because slums in Mumbai are relatively easily
recognized.

The results turn out that training the FCN model with data from multiple source study areas can improve
the second and the third dimensions of the spatial transferability of FCNs. This finding can be proved by
the lower SD and higher mean values of MN_M and MN_N than that of M_M and N_N and that of M_M
and M_N; the lower SD and higher mean values of MNR_M and MNR_R than that of M_M and R_R and
that of M_M and M_R. This finding indicates combining slum reference data from multiple study areas can
help increase the third and second dimensions of the spatial transferability of FCN models. By this way, it
only requires changing testing data when applied to different study areas and thus also meets the requirement
of the first dimension of the spatial transferability.

Table 5.5 IoU, F1 score of experiments using training data from multiple source study areas

o Testing data
Trg::;ng ToU F1 score
M N R M N R
MN 66.38% 44.89% 0.53% 77.68%  51.64%  0.53%
MR 62.58% 0.16% 31.66% 77.58% 0.00%  31.66%
NR 28.61% 42.95% 18.96% 59.69%  69.61% 18.96%
MNR 66.27% 43.75% 33.45% 72.68%  73.33%  48.22%

Table 5.6 Standard deviation (SD) and mean values of IoU under the experiments (D/A: Dimension or Adaptation)

D/A Experiments SD Mean Experiments SD Mean
D2 M_M, N_N 0.153 54.24% M_M,R_R 0.238 48.26%
D3 M_M, M_N 0.458 32.72% M_M, M_R 0.385 37.84%
A2 MN_M, MN_N 0.152 55.64%  MR_M, MR_R 0.219 47.12%
A2 MNR_M, 0.159 55.01% MNR_M, 0.232 49.86%

MNR_N MNR_R

400 800

Figure 5.13 Probability maps of TS1 (IoU=63.35%) and TS2 (IoU=70.28%) for Mumbai (Experiment: MN_M)
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0
Figure 5.14 Probability maps of TS1 IoU=63.19%) (left) and TS2 (IoU=61.79%) (right) for Mumbai (Experiment:

0 200 400

Figure 5.15 Probability maps of TS1 (IoU=60.51%) (left) and TS2 (IoU=69.58%) (right) for Mumbai (Experiment:
MNR_M)

5.3.3. Adaptation 3 - Fine tuning the model trained on datasets from multiple study areas

Table 5.7 shows the results of experiments for adaption 3 and comparison with other experimentsThese
results showed that the model trained on the dataset MNR performs best among the selected four types of
experiments. While the model pre-trained on the dataset MNR and fine-tuned on the dataset of one target
study area performs worst. The results of M_ft N and M_ft R are slightly better than the results of
MNR_ft_N and MNR_ft_R in both SD and mean values. The slight decrease in performance shows that
the effects of fine-tuning a model pre-trained on multiple source study areas cannot help to improve the
second dimension of the spatial transferability.

As mentioned in section 5.3.2, adding slum reference data of Rio may reduce the performance of the FCN
model. Hence, IoU of all of the experiments tested on Rio data is much lower than that tested on Mumbai
or Nairobi data. Given the fact that slums in Mumbai and Nairobi are more distinctive from non-slums in
terms of morphological characteristics reflected on satellite imagery, adding reference data from Mumbai
and Nairobi to Rio data can help the model recognize slums in Rio more correctly. Thus, IoU of MNR_R
is even higher than that of R_R. After fine-tuning IoU of MNR_ft_R became lower than that of MNR_R.
This happens possibly because more effective learnt features from MNR dataset gradually shifted to less
effective features from Rio data. Similar observations can be found on MNR_ft. M and MNR_ ft_ N. This
output may indicate that learnt features from MNR dataset can perform better than learnt features from
data of one individual city. In this case, fine tuning does not improve the performance of the model. This
finding indicates that increasing slum reference data from multiple study areas to train FCN models may be
helpful to predict slums better.

In terms of spatial transferability, similar to the above two adaptations, the results revealed that adaptation
3 can make prediction accuracies close to accuracies of M_M, N_N and R_R and thus improve the third
dimension of the spatial transferability (SDas < SDps; Meana; > Meanps). However, it performs worse than
adaptation 1 and adaptation 2 and thus does not improve the second dimension of the spatial transferability
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(SDp2 < SDas3; Meanp, > Meanas). Similar to the other two adaptations, it cannot make prediction accuracies
for different cities more comparable. Therefore, to make prediction accuracy closer to M_M, N_N and
R_R, adaptation 1 and adaptation 2 are preferred over adaptation 3, which does not improve accuracies but
is more time and computational consuming. Figure 5.11, 5.12, 5.13 presents the prediction maps of two
testing tiles of Mumbai, Nairobi and Rio under the experiments for the adaptation 3.

Table 5.7 IoU, SD and mean of MNR_ft_ M, MNR_ft N and MNR_ft_R and comparison with other experiments

Experiment  IoU | Experiment IoU Experiment IoU Experiment IoU
M_M 65.09% MNR_M 66.27% M_M 65.09% MNR_ft M 65.04%
N_N 43.39% MNR_N 43.75% M_ft N 43.61% MNR_ft N 43.16%
R_R 31.42% MNR_R 33.45% M_ft R 29.76% MNR_ft R 29.16%
SDp2 0.171 SDaz 0.168 SDa1 0.178 SDas 0.181

Meanp; 46.63% Meana 47.82% Meanai 46.16% Meana; 45.79%

Figure 5.16 Probability maps of testing tiles in Mumbai. TS1 (left, loU=62.28%) and TS2 (right, loU=66.82%) under
(Experiment: MNR_ft_M)
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Figure 5.17 Probability maps of testing tiles in Mumbai. TS1 (left, loU=62.28%) and TS2 (right,
1oU=66.82%) under (Experiment: MNR_ft N)

200

600

800

1000 -
0 200 400 600 800 1000 400 600 800 1000

Figure 5.18 Probability maps of TS1 (IoU=22.63%) (left) and TS2 IoU=29.45%)) (right) for Rio (Experiment:
MNR_ft_R)
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5.4.  Performance of PlanetScope imagery for slum mapping

In this research, the FCN-DK5 model trained on PlanetScope imagery data of Mumbai (spatial
resolution=3m) reaches an IoU of 65.09% (experiment: M_M). Wurm et al. (2019) applied FCN-VGG19
for slum mapping in Mumbai. In their study, the IoU of the FCN-VGG19 model trained on QuickBird
imagery (spatial resolution=0.5m) reaches an IoU of 77.02%. The same model trained on Sentinel-2 data
(spatial resolution=10m) reaches an IoU of 35.51%. Regardless of the influences of the selection of FCN
models, hyperparameter setting, training and testing data on prediction results, it can be found that
PlanetScope imagery performs much better than Sentinel-2 imagery but still worse than QuickBird imagery.
Therefore, PlanetScope as open-source data for researchers may be a better substitute for VHR satellite
imagery compared to Sentinel-2 if researches or projects have a limited financial budget.

Verma, Jana and Ramamritham (2019) applied a classic patch-based CNN model for slum mapping in
Mumbai. The CNN model trained on VHR Pleiades-1A imagery (spatial resolution=0.5m) reaches an IoU
of 58.3% and the same model trained on Sentinel-2 data reaches an IoU of 33.2%. From this output, it can
be found that FCN models performed better than patch-based CNN models when tested on data from
Mumbai. Even the spatial resolution of PlanetScope imagery is lower than Pleiades-1A imagery, the IoU is
still higher than that of patch-based CNN model trained on Pleiades-1A imagery. However, the differences
in the yielded IoU values can also be caused by a different selection of training strategies and testing data.

5.5. Limitations of this reseach

There are two primary limitations in the results of all the experiments in this research. The first is from the
selection of FCN model and hyperparameter setting. The second is from the selected PlanetScope imagery

and slum reference data.

FCN models are sensitive to the hyperparameter setting. The process of selecting proper hyperparameter
setting for the selected FCN architectures is complicated (Choi, Cho, & Rhee, 2019). The hyperparameters
adopted in this research were chosen based on previous research dedicated to using FCN-DKs for slum
mapping (Liu et al., 2019; Persello & Stein, 2017) and a lot of trials including comparing the performance
of the FCN-DKS5 under different learning rate, training epochs and convolutional kernel size. However, it
is still possible that the optimal hyperparameter setting for one study area is different from that for another
study area. This is the content of the first dimension of the spatial transferability of FCNs for slum mapping,
which aims to find out the optimal FCN architecture and hyperparameter setting for slum mapping= in
different study areas. Due to time limitations, this research did not fully explore this dimension.

The reference data of Mumbai and Nairobi used in these experiments are generated by visual interpretation
(Njoroge, 2016; Taubenb6ck & Wurm, 2015). Itis possible that local stakeholders have different perceptions
upon slum boundaries (Pratomo et al., 2016). The reference data of Rio was downloaded from related
websites, which was collected by municipality. It is worthy to exlore the influences of different data
collection approaches on the performance of FCN models. Besides, the retrieved dates of the reference data
are older than PlanetScope imagery. Due to the fast dynamics of slums, it is possible that the status of some
pixels have been changed. For these two reasons, ground truth data may be not totally true.

As mentioned in section 3.2.3, though all of satellite imagery are from PlanetScope, the viewing angles may
be different. This may cause some slums occluded by shadows from high buildings. Due to lack of data
from the same retrieved date, satellite imagery for Nairobi were made up by imagery from two retrieved
dates. Different spectral characteristics of slums and non-slums caused by imagery from different retrieved
dates may bring some uncertainties to the results.
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6. CONCLUSIONS AND RECOMMENDATIONS

6.1. Conclusions

This research assessed the spatial transferability of FCNs for slum mapping by using PlanetScope imagery.
Spatial transferability was defined as the ability of a mapping approach to perform similarly with minimum
changes, when applied to different geographic contexts.

This research is the first attempt dedicated to developing a systematic framework for assessing the spatial
transferability of FCNs for slum mapping. The framework contains three dimensions of the spatial
transferability for FCN models and three adaptations that have the potential to improve the spatial
transferability. The specific content of the dimensions and adaptations can be found in section 4.1 and 4.2
respectively. This framework can be used as a guideline to assess the different aspects of the spatial
transferability of FCN models for slum mapping and help evaluate the effects of the adaptations on it. For
time limitation, this research only assessed the second and third dimensions of the spatial transferability.

The results revealed that the second dimension of the spatial transferability of FCNs for slum mapping is
bad. This was reflected by the results that the FCN model cannot produce comparable accuracies when
applied to Mumbai, Nairobi and Rio. This is emphasized by the big differences in IoU (or F1 score) of M_M
(65.09%), N_N (43.39%) and R_R (31.42%) as shown in table 5.1.

There are mainly two reasons accounting for the low performance of the second dimension of the spatial
transferability. The first reason lies in the different nature of slums in the investigated study areas located in
different continents. From the morphological characteristics of slums reflected from satellite imagery, the
diversity within slums in Mumbai and Nairobi are a bit larger than that in Rio. However, the similarity
between slums and non-slums in Rio is higher than that in Mumbai and Nairobi. This similarity is mainly
caused by the existence of cortico whose appearances are similar to formal settlements. The second reason
is due to different reference data collection approaches. The reference data of Mumbai and Nairobi were
collected by visual interpretation based on very high-resolution satellite imagery. Thus, slums determined in
the reference data were mainly dependent on their morphological characteristics reflected on satellite
imagery. The reference data of Rio were collected mainly based on ground information which combines a
lot of social and economic factors. These factors are hard to be detected from satellite imagery directly, and,
thus, slums in the reference data for Rio can be hard to be detected by RS-based approaches. Besides, due
to data aggregation of slums in Rio reference data, some non-slums have been included in the reference
data, which increases the similarity between slums and non-slums and thus reduces the performance of the
FCN models. For these two reasons, the performance of FCN models varied when applied to different
selected study areas and the model trained and tested on Rio data performs worst.

This research found out that the third dimension of the spatial transferability is bad. The conclusion can be
supported by the results shown in big differences in values of IoU and F1 score (e.g. IoU of N_M is 1.31%,
IoU of N_N reaches 42.39%) in table 5.2 and table 5.3. The reason accounting for the low performance of
the third dimension of the spatial transferability can be attributed to the different morphological
characteristics of slums in Mumbai, Nairobi and Rio. Therefore, learnt features from the model trained on
data from one of the cities were not effective for detecting slums in other cities. However, it also indicated
that pre-trained FCN model may help detect slums with similar characteristics to that of slums in the source
study area for training the model.
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Adaptation 1 can help improve the third dimension of the spatial transferability. Yet it isunable to improve
the second dimension. This is supported by SDp2 <SDai < SDpsand Meanp, > Meanai > Meanps as shown
in table 5.4. Adaptation 3 performs similarly to adaptation 1. It can improve the third dimension of the
spatial transferability while cannot improve the second dimension. Similar results can be seen in table 5.6.

Adaptation 2 can help improve both the second and third dimension of the spatial transferability. This is
supported by SDa2 < SDp2 < SDps , Meanas > Meanpz > Meanps. This improvement may be caused by
the increased amount of training data for all three cities. This finding indicated that combining slum data
from multiple study areas for training can help increase the third and second dimensions of the spatial
transferability of the FCN models. In this way, it is possible to map slums at large scale and produce
comparable or even better accuracies compared to the FCN models trained and tested on data from only
one study area. It only requires changing testing data when applied to different study areas and thus also
easier in application.

Based on the results, it can be concluded that both the second dimension and the third dimension of the
spatial transferability of FCN models for slum mapping are low. This is caused by the diverse nature of
slums and different reference data collection approaches. Adaptation 1 and adaptation 3 can improve the
third dimension of the spatial transferability of FCNs while cannot improve the second dimension.
Adaptation 2 can improve both the second and third dimensions of the spatial transferability. The finding
from adaptation 2 indicates the potentials of combining training datasets from various study areas with
different characteristics of slums for mapping slums at large scale by only using one FCN model which may
produce comparable or even higher accuracies compared to the FCN model trained and tested on the same
study area. This can be an interesting future direction for the slum mapping researches related to the spatial
transferability of FCN models.

Besides, this research applied PlanetScope as input satellite imagery for training and testing the FCN model.
The results reveal that the FCN model trained and tested on Mumbai data (M_M) reaches an IoU of 65.09%.
Wurm et al. (2019) applied FCN-VGG19 for slum mapping in Mumbai. The IoU of the FCN-VGG19
model trained on QuickBird imagery reaches an IoU of 77.02%. The same model trained on Sentinel-2 data
reaches an IoU of 35.51%. Regardless of the influences of the selection of FCN models, hyperparameter
setting, training and testing data on prediction results, it can be found that PlanetScope imagery performs
much better than Sentinel-2 imagery but still worse than QuickBird imagery. Therefore, PlanetScope as
open-source data for researchers may be a better substitute for VHR satellite imagery compared to Sentinel-
2 if researches or projects have limited financial budget.
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6.2. Recommendations

Based on the content of this research, there are two recommendations for future researches:

(1) Itis recommended to explore the first dimension of the spatial transferability. In other words, to
explore how the selection of FCN architectures and hyperparameter setting influence on the
prediction accuracies for different study atreas;

(2) Itis recommended to try to combine data from more study areas with various slum characteristics
for training FCN models. The higher accuracies of MNR_M, MNR_N and MNR_R compared to
M_M, N_N and R_R indicate that combining training data from multiple study areas may work
better in slum mapping by FCNs;

6.3.  Reflections to Spatial Engineering

This research tries to explore the spatial transferability of FCNs for slum mapping to fill knowledge gaps in
spatial information of slums to help solve the wicked problem — slum upgrading. However, the results turn
out that the spatial transferability of FCNs for slum mapping is low in terms of the second and third
dimensions. The low performance is determined by the diversity within slums, similarity between slums and
non-slums and various reference data collection approaches. However, the results from the adaptation 2
indicated that it may be possible to combine slum reference data from multiple study areas together as
training data for FCN models and help detect slums for resource constraint areas. FCNs may be a good
approach to map slums but it is still a long way to go before it can produce high quality slum maps for
application.
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APPENDIX

Annex 1: Training and testing tiles for Mumbai, Nairobi and Rio

Figure A.2 Testing tiles of PlanetScope imagery for Mumbai
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Figure A.6 Testing tiles of PlanetScope imagery for Rio
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Annex 2: Precision, recall, F1 score and loU of two testing tiles under all experiments for Mumbai, Nairobi and Rio in this research

Table A.1 Precision, recall, F1 score and IoU of two testing tiles (TS1 and TS2) and their overall accuracies under all experiments for Mumbai

] Mumbai
Exp e::men TS1 TS2 Average
precision recall F1 IoU precision recall F1 IoU precision recall F1 IoU

M 81.87% 71.57% 76.37% 61.63% 88.43% 76.95% 82.29% 69.65% 84.77% 73.95% 79.00% 65.09%
N 4.63% 0.64% 1.13% 0.57% 0.95% 0.03% 0.06% 0.03% 4.09% 0.37% 0.68% 0.34%
R 10.69% 11.20% 10.94% 5.78% 18.37% 42.06% 25.57% 14.64% 15.57% 24.89% 19.16% 10.58%
M_ft N 37.60% 0.96% 1.87% 0.94% 16.85% 0.03% 0.07% 0.03% 36.37% 0.55% 1.08% 0.54%
M_ft_ R 29.60% 100.00% 45.68% 29.60% 24.90% 99.52% 39.83% 24.87% 27.32% 99.79% 42.89% 27.30%
MN 81.72% 74.02% 77.68% 63.35% 85.69% 79.97% 82.73% 70.28% 83.51% 76.66% 79.94% 66.38%
MR 84.07% 72.03% 77.58% 63.19% 87.42% 68.11% 76.56% 61.79% 85.48% 70.29% 77.14% 62.58%
NR 48.15% 78.51% 59.69% 42.47% 18.15% 11.58% 14.14% 7.59% 41.01% 48.81% 44.57% 28.61%
MN_ft M 82.49% 70.54% 76.05% 61.19% 91.83% 62.67% 74.50% 59.12% 86.12% 67.05% 75.40% 60.32%
MN_ft_ N 73.44% 19.85% 31.25% 18.49% 88.59% 19.78% 32.34% 19.23% 79.46% 19.82% 31.73% 18.81%
MN_ft_R 34.78% 98.85% 51.45% 34.64% 29.82% 94.26% 45.30% 29.26% 32.45% 96.81% 48.60% 32.09%
MNR 82.29% 72.68% 72.68% 62.68% 89.35% 77.93% 83.25% 71.04% 85.40% 75.01% 79.87% 66.27%
MNR_ft_M 80.56% 73.50% 76.87% 62.28% 89.20% 73.00% 80.29% 66.82% 84.17% 73.28% 78.34% 65.04%
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Table A.2 Precision, recall, F1 score and IoU of two testing tiles (TS1 and TS2) and their overall accuracies under all experiments for Nairobi

Nairobi
Experiments TS1 TS2 Average
precision recall F1 IoU precision recall F1 IoU precision recall F1 IoU
M 71.89% 1.40% 2.75% 1.38% 12.99% 1.34% 2.43% 1.22% 24.25% 1.37% 2.60% 1.31%
N 56.85% 45.91% 50.80% 33.92% 78.67% 67.80% 72.83% 56.86% 66.88% 55.62% 60.73% 43.39%
R 13.43% 1.16% 2.14% 1.07% 0.00% 0.00% 0.00% 0.00% 13.37% 0.65% 1.23% 0.62%
M_ft N 64.25% 35.37% 45.63% 29.43% 72.81% 78.07% 75.35% 60.05% 69.45% 54.32% 60.96% 43.61%
M_ft R 23.81% 1.41% 2.65% 1.34% 0.00% 0.00% 0.00% 0.00% 23.80% 0.78% 1.51% 0.76%
MN 66.52% 34.88% 45.76% 29.53% 79.63% 38.21% 51.64% 34.54% 72.05% 36.36% 48.33% 31.67%
MR 77.67% 0.30% 0.59% 0.30% 0.00% 0.00% 0.00% 0.00% 77.67% 0.17% 0.33% 0.16%
NR 58.97% 46.28% 51.86% 34.89% 68.83% 70.40% 69.61% 53.05% 64.00% 56.98% 60.29% 42.95%
MN_ft M 69.09% 37.30% 48.44% 31.82% 73.51% 43.42% 54.59% 37.27% 71.15% 40.01% 51.22% 34.23%
MN_ft_ N 60.12% 35.55% 44.68% 28.64% 79.07% 69.36% 73.90% 58.19% 70.39% 50.55% 58.84% 41.46%
MN_ft R 13.59% 0.01% 0.03% 0.01% 64.92% 0.14% 0.28% 0.14% 45.70% 0.07% 0.14% 0.07%
MNR 80.13% 15.88% 26.50% 15.19% 80.53% 67.31% 73.33% 57.47% 80.44% 38.70% 52.26% 35.15%
MNR_ft_N 66.54% 32.06% 43.27% 27.48% 77.41% 76.21% 76.80% 61.92% 73.28% 51.65% 60.59% 43.16%
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Table A.3 Precision, recall, F1 score and IoU of two testing tiles (TS1 and TS2) and their overall accuracies under all experiments for Rio

Rio
Experiments TS1 TS2 Average
precision recall F1 IoU precision recall F1 IoU precision recall F1 IoU
M 17.89% 0.09% 0.18% 0.09% 0.00% 0.00% 0.01% 0.00% 15.05% 0.04% 0.07% 0.03%
N 23.09% 47.69% 31.12% 18.38% 39.86% 4.74% 9.09% 4.39% 24.48% 21.48% 22.88% 12.87%
R 46.60% 41.65% 43.99% 27.97% 55.55% 46.59% 49.89% 33.79% 51.92% 44.67% 48.02% 31.42%
M_ft_ N 30.00% 4.77% 8.24% 4.25% 0.00% 0.00% 0.90% 0.00% 29.41% 1.86% 3.50% 1.77%
M_ft R 47.93% 47.06% 47.49% 30.90% 61.40% 35.52% 43.18% 28.86% 54.40% 40.02% 46.11% 29.76%
MN 10.56% 1.44% 2.54% 1.28% 0.06% 0.00% 0.27% 0.00% 9.88% 0.56% 1.07% 0.53%
MR 44.27% 26.26% 32.97% 19.56% 58.23% 54.68% 53.74% 39.08% 54.21% 43.60% 48.33% 31.66%
NR 33.06% 9.13% 14.31% 7.63% 68.74% 30.38% 41.53% 26.53% 58.56% 22.10% 32.09% 18.96%
MN_ft M 16.36% 3.97% 6.39% 3.28% 32.70% 9.06% 18.37% 7.60% 26.84% 7.08% 11.20% 5.90%
MN_ft_N 5.86% 1.71% 2.64% 1.33% 20.46% 0.19% 3.14% 0.19% 6.55% 0.78% 1.39% 0.70%
MN_ft_R 59.64% 21.13% 31.20% 18.29% 57.89% 21.92% 34.33% 18.80% 58.55% 21.61% 31.57% 18.60%
MNR 48.22% 37.19% 41.99% 26.35% 64.29% 49.24% 55.77% 38.45% 58.00% 50.39% 33.45% 48.22%
MNR_ft_R 41.67% 33.52% 37.16% 22.63% 64.47% 35.36% 45.36% 29.44% 44.54% 34.65% 42.04% 29.16%
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