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Abstract: Increasing tenure security is essential for promoting safe and inclusive urban development
and achieving Sustainable Development Goals. However, assessment of tenure security relies on
conventional census and survey statistics, which often fail to capture the dimension of perceived
tenure insecurity. This perceived tenure insecurity is crucial as it influences local engagement and
the effectiveness of policies. In many regions, particularly in the Global South, these conventional
methods lack the necessary data to adequately measure perceived tenure insecurity. This study first
used household survey data to derive variations in perceived tenure insecurity and then explored the
potential of Very-High Resolution (VHR) satellite imagery and spatial data to assess these variations
in urban deprived areas. Focusing on the city of Kigali, Rwanda, the study collected household
survey data, which were analysed using Multiple Correspondence Analysis to capture variations of
perceived tenure insecurity. In addition, VHR satellite imagery and spatial datasets were analysed
to characterize urban deprivation. Finally, a Random Forest regression model was used to assess
the relationship between variations of perceived tenure insecurity and the spatial characteristics of
urban deprived areas. The findings highlight the potential of geospatial information to estimate
variations in perceived tenure insecurity within urban deprived contexts. These insights can inform
evidence-based decision-making by municipalities and stakeholders in urban development initiatives.

Keywords: tenure insecurity; spatial information; urban deprivation; very-high resolution satellite

image; machine learning; urban development

1. Introduction

The rapid growth of urban populations has placed significant pressure on the capac-
ities of developing countries to adequately plan and provide essential services for their
urban inhabitants [1]. This phenomenon has been exacerbated by the failure to implement
inclusive urban redevelopment policies, leading to spatial injustices particularly predomi-
nant in the Global South, where approximately 1 billion urban dwellers reside in urban
deprived areas commonly known as slums and informal settlements [2,3]. These deprived
areas are often characterized by substandard socio-economic and physical living conditions,
including inadequate infrastructure, poor housing, overcrowding, poverty, social exclusion,
and tenure insecurity [4,5].

One of the challenges threatening residents of such urban deprived areas is tenure
insecurity. This insecurity arises when individuals’ rights to land and property are not
adequately recognized or protected, particularly in the face of disputes or conflicts [6],
increasing vulnerability to evictions and other forms of displacement [7]. To gain a deeper
understanding of tenure insecurity, it is important to explore these three interconnected
forms: De jure (legal), de facto, and perceived tenure security. De jure (legal) tenure
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security is achieved through formal means, such as titles or certificates of ownership,
which theoretically guarantee property rights [5]. De facto tenure security, on the other
hand, refers to the actual recognition and acceptance of these property rights within the
social and political context. It encompasses various informal factors, such as paying
property taxes, utility bills, and the length of property occupation, which contribute to the
social acknowledgment of property rights [6,7]. Perceived tenure security represents the
subjective experience and feeling of security or insecurity related to one’s property rights.
This form of tenure security reflects an individual’s assessment of the risk of losing their
land or property, influenced by personal experiences, trust in the legal system, and broader
socio-economic factors [8]. The feeling of tenure insecurity is linked to the likelihood
of losing land or property without someone’s willingness and is regarded as perceived
tenure insecurity [8]. This feeling is commonly induced by the unfair distribution of
urban resources to all urban dwellers, which results in unequal access to resources and
opportunities for dwellers of urban deprived areas [9]. Thus, perceived tenure insecurity
reflects a threat to the injustice that may arise due to events like eviction or displacement of
urban inhabitants living in deprived areas.

This study focused on perceived tenure security because firstly, it emphasizes the
subjective experience and feeling of tenure insecurity among residents, regardless of their
actual legal status such as holding of legally recognized land and property documents [10].
This subjectivity influences the behaviour and decisions that residents make to invest and
improve in their land and properties, and neighbourhoods, even if their legal tenure is
secure. Secondly, it provides a critical assessment of how effective legal and institutional
frameworks are at making residents feel secure. This is due to the existence of robust legal
systems (mostly the global south countries) that theoretically protects tenure rights, but
their people feel insecure because of gradual loss of their land and properties, and the legal
procedures fail to protect them as theoretically intended [11]. Thus, perceived insecurity is
crucial for highlighting the gaps between the legal systems and their implementations or en-
forcement. Additionally, by focusing on perceived insecurity, policies can be more inclusive
and considerate of minority or marginalized groups who might feel particularly vulnerable
due to past injustices or lack of formal recognition by mainstream legal systems [12].

Addressing tenure insecurity, particularly among poor and vulnerable groups, is
essential for advancing the Sustainable Development Goals (SDGs). This is explicitly
outlined in goal 1, target 1.4, which aims to ensure that all men and women, particularly
the poor and vulnerable, have equal rights to ownership and control over land and other
forms of property, and is also highlighted in goal 11, which focuses on making cities and
human settlements inclusive, safe, resilient, and sustainable [13]. However, obtaining
comprehensive data on urban deprivation, including tenure status, remains a difficult
challenge. While household surveys and census are believed to serve as standard methods
for gathering socio-economic data, including tenure status, they are often time-consuming,
expensive, hard to keep up-to-date [14], and insufficiently responsive to the dynamic nature
of urban deprived areas [5]. Moreover, most surveys do not consider the information about
tenure status of people, especially inhabitants living in deprived areas. Consequently, little
attention has been paid to perceived tenure insecurity in urban deprived areas.

Recent advancements in Earth observation and geospatial technologies, coupled with
sophisticated machine learning methodologies, offer promising avenues for capturing
the physical characteristics of deprived areas, which in turn reflect the socio-economic
status of their inhabitants [15,16]. Nevertheless, the incorporation of tenure status into
conceptualizations of deprivation remains limited due to data constraints. Despite as-
sertions regarding the potential of Earth observation and geospatial data to serve as an
alternative data source for understanding urban deprivation, its application to understand
more detailed aspects of urban deprivation, especially perceived tenure insecurity has been
underexplored. Additionally, the variation of perceived tenure insecurity within urban
deprived areas, and its association with urban deprivation deserves further investigation.
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Therefore, this research seeks to leverage the potential of Very High Resolution (VHR)
satellite image-based information and supplementary spatial data, alongside traditional
survey data, to measure and understand variations in perceived tenure insecurity within
urban deprived areas. The study focused on the city of Kigali, Rwanda, as a representative
case study in the Global South, whereby the implementation land tenure regularization
program is recognized to have improved tenure security [17-19]. The city of Kigali is
also known for its success in the implementation of urban redevelopment schemes such
as master plan. For instance, the city is currently known as one of the greenest and
cleanest cities in Africa [20]. However, these schemes are criticized for threatening tenure
security for urban deprived areas dwellers [21-23], despite a generally assumption that
tenure security has improved due to the Land Tenure Regularization program [24]. This
brought attention to a broad concern that land registration and titling are not always the
solution to tenure insecurity, especially for vulnerable people living in urban deprived
areas [25]. Therefore, it is worth exploring the potential of Very-High Resolution images
and spatial data to understand variation of perceived tenure insecurity across deprived
areas to fill existing gaps in understanding and address the complexities of tenure insecurity
in deprived urban contexts.

2. Materials and Methods
2.1. The Study Area

The study was conducted in Kigali, the capital city of Rwanda, located in the east-
ern region of Africa. The city has three administrative districts, Gasabo, Kicukiro and
Nyarugenge [26]. This study focuses on three distinct research sites within the city of
Kigali: Gitega and Kimisagara in Nyarugenge district, and Gatsata in Gasabo district, as
highlighted in Figure 1. These sites were purposively selected for their representation of
urban deprivation and because of three main reasons: Firstly, these areas are officially
designated as informal settlements, exhibiting typical characteristics of deprived urban
spaces such as high building density and limited access to infrastructure [27]. Secondly,
they have been identified as priority zones for urban redevelopment initiatives aligned with
the city’s master plan [28]. Lastly, each site encompasses diverse topographical features,
including steep slopes in Kimisagara, low-lying terrain with proximity to ditches in Gitega,
and a combination of wetland and steep slopes in Gatsata. This variation in topography
provides an opportunity to examine how geographical features contribute to the perceived
tenure insecurity across the study area.

In the study area, tenure insecurity is high due to the legality issues of informal settle-
ments targeted by the city’s Master Plan for safety reasons, often without compensation
for demolitions on government-owned land [20]. Despite many dwellers possessing land
titles, the implementation of the Master Plan raises concerns about fair compensation and
suitable relocation, as evidenced by legal disputes and perceived unsuitability of provided
compensation properties [21,23].

2.2. Data
2.2.1. Household Survey Data

Reliable data on perceived tenure insecurity within the study area were exclusively
sourced from household surveys, as such information was not accessible through the Na-
tional Institute of Statistics of Rwanda or other institutions. Household survey data were
gathered through interviews conducted with representatives from 120 households. The
survey was designed based on a comprehensive review of literature, summarizing key
indicators of perceived tenure insecurity as shown in Table A1 (Appendix A). Structured
and open-ended questions were employed, tailored to elicit responses from participants.
For instance, participants were asked to judge the likelihood of losing their land and/or
properties (rights) within the next five years, as well as to provide insights into the physical
conditions of their properties and neighbourhoods. Moreover, questions were framed to
solicit justifications for respondents” answers, thereby ensuring the validity and reliability
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of the data collected. The survey instrument facilitated the capture of multifaceted infor-
mation, encompassing the physical environment of the neighbourhood and respondents’
properties, tenure rights of households, and perceptions regarding tenure insecurity. This
holistic approach allowed for a comprehensive understanding of the factors contributing to
perceived tenure insecurity within the study area.

Kicukiro

@ Gitega study site @ Kimisagara study site @Gatsata study site

- Deprived areas (informal settlements)

Figure 1. Map of Kigali city and the selected sites.

2.2.2. Very High-Resolution Satellite Imagery and Spatial Data

In addition to survey data, the research utilized VHR imagery of Kigali city. The
image was downloaded using the SAS Planet, a free and open tool developed by SAS
Group (Russia) for downloading high-resolution satellite images from Google Earth (GE)
(http:/ /www.sasgis.org/sasplaneta/, accessed on 23 February 2021) as a set of mosaic and
mostly cloud-free image tiles captured between 2019 and 2020 (see detailed information at
https:/ /developers.google.com/maps/documentation/tile/satellite, accessed on 23 Febru-
ary 2021). The image was downloaded with enough zoom level similar to VHR imagery
with sub-meter pixel size (50 cm resolution) and included visible bands of Red, Green, and
Blue. While the quality of free VHR GE imagery may be relatively lower compared to
commercially available options, its accessibility provides a distinct advantage, particularly
for areas and cities with limited resources for purchasing standard VHR satellite images.
Furthermore, supplementary spatial information was integrated into the analysis to aug-
ment the understanding of spatial characteristics of deprived areas. This included data
on slope and zoning plans sourced from the National Land Authority, and road networks
from OpenStreetMap. These additional geospatial datasets were selected based on insights
gleaned from survey data regarding the factors influencing respondents’ perceptions of
tenure insecurity.

2.3. Methods
2.3.1. Overall Workflow

The entire process consisted of three main steps, as depicted in Figure 2. The initial
step, captured in blue on the left side of the figure, involved analysing household data to
identify variations of perceived tenure insecurity using Multiple Correspondence Analysis
(MCA). The following step, in green on the right side of the figure, integrated VHR satellite
imagery with additional geospatial datasets to spatially characterize urban deprivation. The
final step, on bottom in orange, involved examining the relationship between the variations
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of perceived tenure insecurity and the spatial characteristics of urban deprivation using
Random Forest regression model.

Household survey VHR satellite image and
data other spatial data
Multiple Correspondence Extraction of spatial
Analysis (MCA) characteristics based on buffer
l area around each household
Variation of
perceived tenure Textur S z p
: : ope, Zoning an
) / Land Cover / / features / / road network data /

Train and validate Random Forest
Regression model

Extraction based on buffer
(10, 15, 20, 25 meters)

v

Analyse the results of the model ]

Discussion and
Conclusion

Figure 2. Steps and process followed by the study.
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2.3.2. Characterising the Variation of Perceived Tenure Insecurity from Survey Data

Multiple Correspondence Analysis (MCA) was employed to analyze survey data and
derive a perceived tenure insecurity index for each respondent. MCA was chosen for its
effectiveness in visualizing categorical variables within a dimensional space [29,30], and its
previous applications in constructing deprivation indices for slum identification in India
and wealth indices in South African urban informal settlements city [31,32]. The MCA was
used to calculate an index from survey responses, which was later connected to spatial
characteristics of deprived areas retrieved from VHR imagery and other spatial data.

In addition, hierarchical clustering techniques were applied to the perceived tenure
insecurity indices, resulting in four distinct clusters: very high, high, moderate, and low.
This method, useful for identifying patterns based on unsupervised classification, con-
structs clusters from top to bottom [33]. The study evaluated the significance of indicators
characterizing these clusters using p-values, where a small p-value suggests significant
results, and test statistics, where a value above 2 indicates high discriminatory power [34].
This approach helped identify variables effectively distinguishing between clusters. The
first two dimensions from MCA were used to understand the underlying data structure and
identify clusters through visualization [35]. The implementation was done in R (RStudio)
version 3.6.3.

2.3.3. Extracting Spatial Characteristics of the Deprived Area in the Study Area

A Convolutional Neural Network (CNN) with a U-Net architecture was used to ex-
tract land cover characteristics from VHR images, leveraging the ArcGIS API for Python.
This pre-established model allowed the study to focus on variations in perceived tenure
insecurity and their correlations with spatial characteristics rather than developing a new
model from scratch. Training data were manually collected and superimposed onto VHR
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images to extract six land cover classes: Built-up area, Low green space, Dense green space,
Paved roads, Unpaved roads, and bare lands. The model was trained on different patch
sizes (64 x 64, 128 x 128,256 x 256 pixels) with a learning rate of 0.001 over 100 epochs,
and evaluated using precision, recall, and F1-Score metrics [36,37]. Texture features were
extracted to complement land cover information and address VHR image quality limita-
tions. The Grey-Level Co-occurrence Matrix (GLCM) method, effective in capturing texture
information, was used to extract eight texture variables: contrast, correlation, dissimilarity,
entropy, homogeneity, mean, second moment, and variance, following the methodologies
employed in previous studies such as [38,39]. The implementation was conducted using
ENVI software version 4.8.

Additional spatial data, such as slope, zoning information, and access to transportation
facilities, were incorporated to enrich spatial characterization. Buffer zones of varying sizes
(10, 15, 20, 25 m) around each household location were delineated to compute percentages
of land cover types, texture features, and other spatial attributes. This approach, similar
to methodologies used in previous studies on wealth index modelling and demographic
and health survey point displacement influence [40,41], facilitated comprehensive spatial
environment characterization for each respondent. Thus, the approach facilitated the
comprehensive characterization of the spatial environment surrounding each respondent.
Putting all together, the study obtained variables used for measuring/predicting variation
of perceived tenure insecurity highlighted in Table 1.

Table 1. Variables for predicting perceived tenure insecurity.

Category Variable Description

Land cover Built-up area Percentage of built-up areas
Dense green space Percentage of dense green spaces
Low green space Percentage of low green spaces
Paved roads Percentage of paved areas

Unpaved roads and bare lands ~ Percentage of unpaved roads and bare lands

Texture features GLCM_Contrast Texture features extracted through GLCM contrast
GLCM_Correlation Texture features extracted through GLCM correlation
GLCM_Dissimilarity Texture features extracted through GLCM dissimilarity
GLCM_Entropy Texture features extracted through GLCM entropy
GLCM_Homogeneity Texture features extracted through GLCM homogeneity
GLCM_Mean Texture features extracted through GLCM mean
GLCM_Second Moment Texture features extracted through GLCM second moment
GLCM_Variance Texture features extracted through GLCM variance

Additional spatial information ~ Distance to road Accessibility to road
Distance to wetland Proximity to wetland
Slope Slope (%) derived from DEM representing the topography
Residential R1 Planned low residential zone derived from the zoning plan
Residential_R1B Planned rural residential zone derived from the zoning plan
Transportation facilities Planned transportation facilities derived from the zoning plan

2.3.4. Relating Spatial Characteristics of the Deprived Area to Perceived Tenure Security

To establish the relationship between various spatial characteristics of deprived areas
and perceived tenure insecurity, a Random Forest regression model was employed. This
model was chosen due to its suitability for handling complex, non-linear relationships
in datasets [40]. Random Forest, a tree-based and non-parametric supervised machine
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learning algorithm, was selected for its resilience to overfitting and its capacity to handle
multi-collinear datasets overfitting [42,43]. Additionally, the model offers a relatively low
number of hyper-parameters for optimization and can function effectively as both a classi-
fier and regressor. Consequently, Random Forest was utilized to analyse the association
between extracted spatial characteristics and variations in perceived tenure insecurity.

3. Results
3.1. Overview of Survey Results

The detailed household data from 120 households collected from the study area
contained data about the physical environment of the neighbourhoods (Figure 3) and
households (Figure 4), and data about the tenure rights (Figure 5) and perceptions of
household respondents on tenure insecurity (Figure 6).

Respondents

Proximity to road

Households near watershed/ditches
Households within wetlands

Households on moderate slope and near ditch
Households on steep slope

Households on moderate slope

Latge building
Small building
Medium building

Openspace

Access to greenspace
Wastes/gabage collection
Access to public water taps
Access to electricity
Unpaved footpath
Unpaved road

=)
~
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Figure 3. Characteristics of physical environment of neigborhoods across the study sites.

Respondents

Access to garbage collection
Access to paved roads
Access to electricity

Access to water

Unburnt brick
Concrete
Burnt brick

New houses
Old houses

Complex shape
Simple shape

Large houses
Medium houses
Small houses

20

3

60

=

120 140

Figure 4. Responses according to housing materials, building shapes, sizes, and access to
basic amenities.
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Proof documents

Sale agreement

Only land registration certificate

Lease agreement and land registration certificate

Property acquisition

Acquited land/ptoperty thtough sale
Acquired land/property in inhertance
Acquired land/property in exchange

Occupation

Occupy land/property more than 10 years
Occupy land/property between 5 and 10 years
Occupy land/property between 1 and 5 years — n—

Respondents

0 20 40 60 80 100 120

Figure 5. Tenure rights based on land and/or property documentation, acquisition methods, and
duration of occupation.

Perception for staying in the same property in the future:

Number of respondents

Between 5 and 10 years

Less than 1 year

Likelihood yo lose land/property:
Unlikely

Very likely

Eviction expetience

Events in case of loss:

Fair compensation

Land readjustment
Protection in case of loss of property:

Not strong

Very strong
0 10 20 30 40 50 60 70 80

Figure 6. Perceptions of respondents on tenure (in)security.

The Figure 3 depicts characteristics of physical environment of neigborhoods across
the study sites based on their overall households’ characteristics and access to various
amenities. Most households are situated on moderate slopes, with fewer on steep slopes and
within wetlands. Medium-sized buildings are the most common housing type. While access
to electricity, waste/garbage collection, and public water taps is high, few households are
near roads and very few have access to greenspaces, and many rely on unpaved footpaths
and roads for connectivity.

The Figure 4 illustrates the characteristics of households of respondents according to
housing materials, building shapes, sizes, and access to basic amenities. Most respondents
live in old, simply shaped houses made from unburnt (mud) brick. Access to electricity
and water is relatively high, but access to garbage collection and paved roads is limited.
Medium-sized houses are the most common, with few large houses.

The Figure 5 highlights respondents” tenure rights based on land and/or property
documentation, acquisition methods, and duration of occupation. The majority have a
lease agreement and land registration certificate as proof documents. Most respondents
acquired their property through purchase, followed by inheritance. A significant number
have occupied their land / property for more than 10 years, with fewer occupying between
5 to 10 years, and even fewer between 1 to 5 years.

The Figure 6 illustrates respondents’ perceptions on tenure (in)security and experi-
ences regarding their land and property rights. Many respondents expect to stay in their
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current property for over 10 years, but some believe they might lose it, with eviction being
a common experience. In case of property loss, upgrading and land readjustment are the
most anticipated responses. Most respondents feel they have protection, although some
think it’s only fairly strong or not strong.

3.2. Patterns of Perceived Tenure Insecurity

The Multiple Correspondence Analysis (MCA) employed 25 qualitative indicators
from each of the 120 respondents, creating a 44-dimensional space to discern variations in
the dataset. Consequently, MCA generated a point cloud representing respondents across
each dimensional space. The scatter plot depicted in Figure 7 provides an overview of
this point cloud across the first and second dimensions. Proximity between respondents
on the plot indicates similarity in their perceived indicators of tenure insecurity, while
greater distances reflect dissimilarity. Thus, respondents in close proximity exhibit con-
gruent perceptions of tenure insecurity, whereas those farther apart manifest significantly
different perceptions.

However, not all indicators contributed equally to the creation of perceived tenure
insecurity indices. The squared correlation of each indicator with the first dimension
offers insights into their respective contributions, as depicted in Figure 8. Higher squared
correlation values signify greater contributions to the perceived tenure insecurity indices,
highlighting the importance of these indicators in characterizing variations in perceived
tenure insecurity within the study area. Notably, indicators such as wall materials, house-
hold access to water, likelihood of property loss within the next five years, anticipated
length of occupation, and dwelling size emerged as the most influential indicators shaping
the perceived tenure insecurity indices. Consequently, these indicators play a pivotal role
in delineating the nuanced variations in perceived tenure insecurity observed within the
study area.

The perceived tenure insecurity indices derived from MCA provided a generalized
characterization of perceived tenure insecurity variations within the study area. However,
to validate this variation, the study investigated the spatial distribution of respondents with
similar perceptions of tenure insecurity. This was achieved through clustering respondents
based on the similarity of their perceived indicators, resulting in the identification of four
distinct clusters. Each cluster was subsequently characterized based on its constituent
indicators, variables, and dimensions, facilitating an understanding of their relationship to
variations in perceived tenure insecurity. Furthermore, the study evaluated the significance
of each indicator to identify those that best characterized all clusters (Appendix A, Table A2).
Each indicator comprised different variables; for example, the indicator “wall materials”
encompassed variables such as wood, unburnt brick, concrete, and stone. The similarity of
variables within each cluster further delineated respondents’ characteristics. By assessing
the test statistic value of each variable within the clusters, the study identified similar
variables across clusters (Appendix A, Table A3).

Moreover, the characterization of clusters based on MCA dimensions revealed that
the first and second dimensions provided optimal separation of clusters by giving a visual
idea of distances that distinguish the respondents according to their clusters, as indicated
by the test statistics along these dimensions (Table 2).

Table 2. Test statistics for the first and second dimensions of each cluster.

Test Statistic
Cluster 1 Cluster 2 Cluster 3 Cluster 4
First dimension —-3.797 —6.298 4.331 6.788
Second dimension —-2.970 3.581 —7.023 5.517
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Figure 7. Scatter plot of respondents in 2-dimensional space on the first and second dimension
of MCA.
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Figure 8. Squared correlation indicators with the first dimension of MCA.

The results indicate that respondents in cluster 1 have lower coordinates on the first
dimension and lower coordinates on the second dimension. Respondents in cluster 2 have
the lowest coordinates significantly on the first dimension and high coordinates on the sec-



Land 2024, 13, 1429

11 of 23

ond dimension. Respondents in cluster 3 have high coordinates on the first dimension and
significantly lower coordinates on the second dimension. Finally, respondents in cluster 4
have significantly high coordinates on the first dimension and significantly high coordinates
on the second dimension. Therefore, by synthesizing the characteristics of clusters based
on indicators, variables, and dimensions, the study reveals that Cluster 1 comprised respon-
dents with common variables representing very high perceived tenure insecurity, followed
by Cluster 2 with high perceived tenure insecurity, Cluster 3 with moderate perceived
tenure insecurity, and Cluster 4 with low perceived tenure insecurity. Additionally, visual
representation of the clusters on the map revealed spatial concentrations of respondents
within the same clusters across the study area, as depicted in Figure 9.

Legend
Cluster
Lower Medium

Medium
High
Very high

High
Very high

Figure 9. The variation of perceived tenure insecurity across the study sites. A illustrates site of
Gatsata (3), b illustrates sites of Kimisagara (2) and Gitega (1).

3.3. Spatial Characteristics of the Urban Deprived Areas

The CNN model demonstrated good accuracy on the test set, yielding satisfactory vi-
sual results given image quality constraints as shown by model evaluation metrics (Table 3).
These findings underscore the CNN model’s capability in accurately identifying diverse
land cover classes, with implications for applications in urban planning, environmental
monitoring, and resource management. Table 3 illustrates recall, precision and F1-Score
evaluation metrics for each land cover class.

Table 3. Accuracy metrics for each land cover class.

Land Cover Class Recall Precision F1-Score
Built-up area 0.92 0.90 0.91
Low green space 0.88 0.89 0.88
Dense green space 0.93 091 0.92
Paved roads 0.85 0.84 0.84
Unpaved roads and bare lands 0.85 0.86 0.85

The deployment of the model yielded insightful land cover features that delineate
the study area, encompassing built-up areas, dense green spaces, paved and unpaved
roads, and bare lands. These results, showcased in Figure 10 (left), exemplify both the
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B Built-up areas
I Low green spaces

input image samples provided to the model and the classification/segmentation outcomes
generated by the model. Through this visualization, key spatial characteristics of the study
area are highlighted, offering valuable insights into its land cover composition and spatial
distribution. In addition to the information about land cover, we extracted the information
about texture features from the VHR GE image to complement land cover information.
These features were adapted as an alternative to other detailed information about the
urban deprived area related to variation, such as building layouts and roofing conditions
that could not be extracted from the VHR GE image due to its quality. Figure 10 (Right)
visualizes the texture features extracted from the sample of the VHR image tile of the
study area.

Variance

Contrast

Dissimilarity Ent+ropy

I Dense green spaces Unpaved roads and bare
B Paved roads lands

Figure 10. Example of land cover classification results from the model (Left), GLCM texture fea-
tures (Right).

3.4. Relationship between Perceived Tenure Insecurity and Spatial Characteristics of Urban
Deprived Areas

The survey data revealed that physical environmental indicators played a significant
role in characterizing the variation of perceived tenure insecurity within the study area.
To elucidate this further, the study juxtaposed the spatial characteristics of deprived areas
derived from VHR imagery and complementary spatial data with the physical indicators
obtained from the survey. The comparative analysis, summarized in Table 4, underscored
the prominence of physical environmental conditions in shaping respondents’ perceptions
of tenure insecurity. MCA of the survey data identified several physical environment
indicators strongly associated with perceived tenure insecurity. The VHR image and com-
plementary spatial information provided limited detailed information, it offered valuable
insights into the physical environment that influenced respondents’ perceptions. These spa-
tial characteristics served as input variables to establish their relationship with variations
in perceived tenure insecurity, as elaborated in the subsequent subsection. The integration
of survey-derived physical indicators with spatial data facilitated a comprehensive under-
standing of the factors contributing to perceived tenure insecurity. Despite limitations in
extracting detailed information from the VHR GE image, the study successfully utilized
available spatial data to capture key environmental influences on respondents’ perceptions.
This approach enabled the delineation of spatial patterns and relationships crucial for
discerning the dynamics of tenure insecurity within urban deprived areas. The subsequent
analysis aimed to elucidate these relationships further, shedding light on the complex
interplay between spatial characteristics and perceived tenure insecurity.
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Table 4. Spatial characteristics describing the variation of perceived tenure insecurity in the study area.

Physical Indicators (from Survey Data)

Spatial Characteristics Comment

(Detected from VHR GE Image)

Wall materials

— Difficult to capture but can be captured using oblique VHR
Unmanned Aerial Vehicle image

Location of the neighbourhood

- Not detected (Slope was used instead)

House condition

+ Partially detected through GLCM texture and
spectral features

Shape of the house + Partially detected through GLCM texture features
Presence of the wastes - Not detected

Size of the house + Partially detected through GLCM texture features
Dominant building size in the neighbourhood + Partially detected through GLCM texture features
Household access to the unpaved road ++ Detected as the unpaved road land cover class
Access to green space ++ Detected as the dense and low green spaces land

cover class

Presence of unpaved road in ++ Detected as the unpaved road land cover class
the neighbourhood
Presence of unpaved footpath + Not fully detected, but a portion of it detected as unpaved

roads and bare lands

++ directly detected, + indirectly detected, — not detected.

The intention was to assess the predictive capacity of spatial characteristics derived
from VHR image and complementary spatial data in estimating perceived tenure insecurity
throughout the study area. To this end, we conducted four modelling iterations employing
Random Forest regression—a tree-based approach. These models aimed to establish
the relationship between image-derived spatial features of urban deprived areas and
additional spatial information with perceived tenure insecurity. The study utilized the
squared correlation coefficient (R?) to assess the performance of each modelling iteration.
Specifically, the study evaluated the relationship between image-derived variables alone
and their combination with complementary spatial data. The dataset was divided into
two subsets for model training and evaluation, respectively. Table 5 presents the R? values
obtained on the test set for each modelling iteration, providing insights into the predictive
accuracy of the models in forecasting perceived tenure insecurity across the study area.

Modelling processes using only image-derived spatial characteristics showed good per-
formance for spatial characteristics extracted on a buffer area of 20 m (R2 = 0.45), followed
by those extracted on a buffer area of 25 m (R? = 0.44). Besides, the modelling processes us-
ing only image-derived spatial characteristics showed poor performance on characteristics
extracted based on the buffer of 10 m (R? = 0.22) and 15 m (R? = 0.27), respectively.

Table 5. Correlation coefficient between spatial characteristics of urban deprived areas.

Buffer-Wise Squared Correlation (R?)

Buffer (in meters) 10 15 20 25
Only VHR GE image derived 0.22 0.27 0.45 0.44
spatial characteristics

With additional spatial 0.40 0.36 0.60 0.61

information layers
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In addition to evaluating modelling processes through the values of R?, the visualisa-
tion of the variable importance to understand the relevance of each variable in predicting
perceived tenure insecurity. Figure 11 illustrates the variable importance of the modelling
process based on the spatial characteristics extracted on the buffer of 20 m, which illustrated

the good performance.

GLCM_Correlation
GLCM_Entropy
GLCM_Homogeneity
GLCM_Second Moment
GLCM_Mean

Built_up area

GLCM_Contrast
GLCM_Variance

Unpaved roads and bare lands
GLCM_Dissimilarity

Dense green space

Variable importance (%)

Low green space

Paved road

e
o
S

2.00 4.00 6.00 8.00 10.00 12.00 14.00

Figure 11. Variable importance based on image-based spatial characteristics extracted at the buffer of
20 m.

Modelling processes using image-derived spatial characteristics and additional spatial
information showed good performance for spatial characteristics extracted based on the
buffer area of 25 m (R? = 0.61), but not significantly different to the result of the modelling
process using spatial characteristics extracted based on the buffer area of 20 m (R? = 0.60).
Furthermore, the modelling processes using image-derived spatial characteristics and
additional spatial information showed low performance on characteristics extracted based
on the buffer of 15 m (R? = 0.36) and 10 m (R? = 0.40), respectively. Figure 12 illustrates the
variable importance of the modelling process based on the spatial characteristics extracted
on the buffer of 25 m, which illustrated the good performance.

The results show that correlations between image-derived spatial characteristics of
the urban deprived area and perceived tenure insecurity are low (R? = 0.22 on the buffer
of 10 m and R? = 0.27 on the buffer of 15 m) and moderate (R? = 0.45 on the buffer of
20 m and R? = 0.44 on the buffer of 25 m). Furthermore, the correlations between image-
derived spatial characteristics alongside additional spatial information and perceived
tenure insecurity are also moderate for the buffer of 10 m and 15 m (R? = 0.45 and R? = 0.36).
However, the correlations between image-derived alongside additional spatial information
and perceived tenure insecurity are almost high on the buffer areas of 20 and 25 m (R? = 0.45
and R? = 0.36).
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Variable importance (%)
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Figure 12. Variable importance based on image-based spatial characteristics and additional spatial at
the buffer of 25 m.

4. Discussion
4.1. The Interpretation of Survey Results

The survey data reveals that the majority of households reside in older, simpler
homes with limited access to essential utilities and inadequate waste management services.
These conditions align with the characteristics of deprived areas described in Section 2.1.
Figure 5 shows that most respondents possess long-term, documented ownership of their
properties, primarily acquired through purchase. This suggests stability and security in
property rights, likely resulting from the Land Tenure Regularization program implemented
nationwide. This program addresses issues such as tenure insecurity, unequal land access,
and inefficient land use inherited from precolonial, colonial, and early independence
periods [44]. However, Figure 6 indicates mixed perceptions among respondents regarding
the stability of their land and property rights and the protection in case of loss. This
reflects a perceived likelihood of losing their land and properties, influenced by past
eviction experiences and other threats, such as the implementation of master plans. The
observed tenure insecurity among respondents arises from a combination of factors. While
they have legal (de jure) property rights through the LTR program, there is ongoing de
facto (in reality/practice) insecurity due to the legality issues of informal settlements
targeted by the city’s Master Plan implementation for redevelopment [45,46]. Thus, de
facto insecurity persists due to legality issues, inadequate compensation, and unsuitable
relocation options, exacerbated by a lack of trust in the regulatory framework and past
eviction experiences [21,47].
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4.2. The Variation of Perceived Tenure Insecurity in the Urban Deprived Area

The study identified that physical environment indicators significantly contribute to
perceived tenure insecurity in urban deprived areas. This aligns with the findings of [48,49]
and [1,50] who argue that tenure insecurity is often linked to the physical environment
and political pressures. Notably, the study sites, recognized as informal settlements slated
for redevelopment according to the Kigali Master plan [27], underscore the relevance
of these indicators. This study uniquely highlights the spatial concentration of tenure
insecurity perceptions within urban deprived areas, providing a new perspective on how
physical environment and political factors influence these perceptions. While previous
studies have linked tenure insecurity to environmental and political factors, our research
emphasizes the spatial clustering of these perceptions, offering insights into the geographic
distribution of tenure insecurity. The findings confirm previous research by [47], which
demonstrated that land titles do not always guarantee perceived tenure security. Despite
all land parcels in the study area being registered and titled through the LTR program,
residents still report feeling insecure. This suggests that factors beyond legal ownership,
such as environmental conditions and political pressures, significantly impact perceived
tenure security. The spatial clustering of tenure insecurity perceptions indicates that
interventions should be geographically targeted, addressing specific areas where insecurity
is most concentrated. Urban redevelopment plans, such as those outlined in the Kigali
Master Plan, should consider the physical environment’s impact on tenure perceptions and
incorporate measures to enhance residents’ security.

4.3. Spatial Characteristics of the Urban Deprived Area

This study combined land cover information from with GLCM texture features ex-
tracted from VHR GE images, enhancing the spatial characterization of urban deprived
areas. Unlike previous studies that focused solely on basic land cover variables [15,40], the
integration of texture features provides a more understanding of the physical character-
istics of these areas [51,52]. This allows for a more detailed spatial analysis, bridging the
gap where detailed land cover information was necessary but lacking [53,54]. This dual
approach of land cover and texture analysis offers a richer dataset for understanding urban
deprivation’s physical characteristics. The implications of our findings are significant for
urban planning and policy development. The detailed spatial characterization provided by
our methodology can inform targeted interventions in urban deprived areas. For instance,
recognizing areas with significant unpaved roads and bare lands can guide infrastructure
development priorities. Additionally, the identification of dense and low green spaces can
inform urban greening initiatives, which are crucial for improving living conditions and
environmental quality in these areas.

4.4. Relationship between Spatial Characteristics of Urban Deprived Area and Variation of
Perceived Tenure Insecurity

The results demonstrated that spatial characteristics derived from VHR images can
predict the variation of perceived tenure insecurity with R? values of 0.45 and 0.44, which
improved to 0.60 and 0.61 when incorporating additional spatial information within 20
and 25-m bulffers, respectively. These results highlight the effectiveness of combining
VHR image-derived spatial characteristics with additional spatial information to predict
perceived tenure insecurity. While previous studies have identified the importance of spatial
characteristics (see [3,4,55-59]) to characterise urban deprivation, our study demonstrates
the relevance of these spatial characteristics for understanding perceived tenure insecurity
across urban deprived areas.

The texture features alongside land cover information play an important role for
explaining the variation of perceived tenure insecurity since physical conditions influencing
perceived tenure insecurity in the study area, as identified from survey data (see Table 4),
were similar to the physical characteristics of urban deprived areas [3,55,59]. This revealed
that perceived tenure insecurity exists as one of the challenges faced by urban deprived
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dwellers [60]. Moreover, additional spatial information presented high importance for
explaining the variation of perceived tenure insecurity, mainly slope and distance to wetland.
This can be traced back to the existing regulations and current activities of displacing people
living in urban deprived areas and high-risk zones in Kigali city (see [46,61,62]). Generally,
the additional spatial information was linked with the factors inducing the perceptions on
tenure insecurity for the people of the study area. This information is closely related to
regulations such as zoning regulation and urban redevelopment policies in Kigali city [27].
Therefore, it is worth considering that the importance of additional spatial information for
predicting the variation of perceived tenure insecurity opens the door to the possibility of
exploring other spatial information that may have a strong significance.

4.5. Limitation

The primary limitation of this study lies in the quality of the freely available VHR
image used, which is lower compared to VHR images available from commercial providers.
Specifically, the image used in this research lacks comprehensive spectral information,
since it only contained visible bands (Red, Green, and Blue). This limitation hindered
the model’s ability to effectively discriminate between certain land cover classes, such as
water bodies, and negatively impacted the results of image classification, especially in
areas with significant shadowing. Additionally, the physical environment and household
characteristics, such as building size, shape, and condition, were difficult to detect with the
available VHR image. Another significant limitation concerns to the survey data measuring
respondents’ perceptions of tenure insecurity. Such detailed perception data is often not
available in most census datasets. Consequently, this research relied on a sample collected
specifically from the study area. However, the sample was limited to three research sites
selected based on administrative boundaries. The small sample size, constrained by time
and resource limitations, may introduce some uncertainty in the results. Moreover, the
resulting clusters showing variations in perceived tenure insecurity were imbalanced,
which could have affected the performance of the random forest regression model.

5. Conclusions

This study highlights the effective integration of earth observation-based informa-
tion with traditional survey methods to measure and predict the variation of perceived
tenure insecurity in urban deprived areas. By combining high-resolution satellite imagery
with spatial data and surveys data, we achieved a more understanding of how physical
characteristics and additional spatial factors influence perceived tenure insecurity. This
approach not only enhanced the accuracy of our measurements but also provided a detailed
spatial characterization of the study area, addressing previous limitations due to the lack of
comprehensive base data on tenure insecurity. Moreover, this integration of spatial data
with traditional survey insights provided a more contextually relevant analysis, showcasing
the potential of earth observation data in understanding complex urban challenges. Over-
all, this study provides a valuable framework for bridging the gap between survey data
and earth observation information, offering insights that can inform more effective urban
planning and policy interventions to address tenure insecurity in urban deprived areas.
Future research could build on our findings by applying this approach to different urban
contexts and larger areas to test its scalability. Expanding the methodology to regional,
continental, or global levels could contribute to monitoring progress toward SDGs goal 1
(target 1.4), which focuses on ensuring equal land rights, and goal 11, which aims to make
cities and human settlements safe, inclusive, and resilient.
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Appendix A

Table Al. Indicators for measuring perceived tenure insecurity in deprived areas identified from

the literature.

Indicator Research

Comment

Duration of land or property ownership

[4];
[6];

The long or short period that landholder occupy the land/ property
and living or nor living in fear of losing the land /property induce the
perception of tenure insecurity

[19%;
Land or property acquisition [26]; Informal or formal land acquisition
Expected occupation period in the future [62]’: The likelihood of living or holding the land/property in the coming
E(ﬂ' period of time
Types of rights to land/property Bundle of rights to land enjoyed by the land and property holders
Recognition and protection of rights to Legal or de facto recognition of rights to land/property
land/property
Proof or evidence for rights to Documents proving the rights to land / property of land and
land/property property holders
Experience of eviction Previous eviction and the causes of it
Likelihood to lose Fear of event that can happen and make land/property holders to
land/property unwillingly in the coming lose their rights to land /property
period of time (5 years)
Physical /environmental characteristics 9L Feeling insecure reduces the willingness to invest in land / property.
[12]; Thus, areas with high tenure insecurity can be characterized by
[48]; inadequate housing and environmental conditions.
[49];
[50];

Table A2. Indicators that best characterise the clusters.

Indicators p-Value
Wall materials 3.21 x 1072
Location of the neighbourhood 1.56 x 1072
Household access to water 4.58 x 10715
Likelihood to lose popery in the next 5 years 7.65 x 10712
House condition 8.80 x 10712
Occupation time 9.94 x 10712
Events that are likely to happen in case of loss of the property 1.21 x 1011
The shape of the house 1.72 x 10710
Presence of wastes 9.17 x 10710
Garbage pick-up services 4.71 x 1077
Feelings of staying in the same property in the future 5.04 x 107°
The size of the house 7.70 x 1072

Dominant building size in the neighbourhood 5.01 x 1077
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Table A2. Cont.

Indicators p-Value

Household access to the unpaved road 233 x 107°
Property acquisition types 1.39 x 1074
Eviction experience 9.20 x 10~*
Access to green space 7.89 x 1073
Presence of unpaved road in the neighbourhood 1.29 x 1072
Access to public water taps 2.56 x 1072
Presence of unpaved footpath 4.13 x 1072

Table A3. Variables that best characterise each cluster.

Cluster 1

Variables Test statistic
Event in case of loss of property: Relocation 6.61
Location of the neighbourhood: Proximity to wetland 5.35
Location of the neighbourhood: Proximity to ditch 4.48
Eviction experience: No 3.79
Property acquisition: Inherited from my family 3.7
Likelihood to lose popery in the next 5 years: Very likely 2.93
Household access to water: No 2.79
Wall material: Unburnt brick 2.65
Dominant building size in the neighbourhood: Medium 2.57
Access to green space: Yes 2.49
Access to public water taps: No 2.25
Protection in case of loss: Very strongly 2.18
Location of the neighbourhood: Proximity to the road 2.17
House condition: Old 2.14

Cluster 2

Variables

Test statistic

Household access to water: No

6.59

Wall material: Unburnt brick 6.43
Location of the neighbourhood: Steep slope 6.38
Dominant building size in the neighbourhood: Small 5.87
House size: Small 55

Presence of wastes: No 5.47
Garbage pickup: No 5.33
Occupation time: Between 5 and 10 years 5.14
Likelihood to lose popery in the next 5 years: Very likely 5.14
Household access to unpaved road: No 3.76
House shape: Simple shape 3.16
Unpaved roads: No 2.92
Event in case of loss of property: Land readjustment 2.75
Household access electricity: No 2.16
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Table A3. Cont.

Cluster 3
Variables Test statistic
Wall material: Burnt brick 7.29
Presence of wastes: Yes 5.09
Occupation time: Longer than 10 Years 4.81
Garbage pickup: Yes 4.76
Household access to water: Yes 4.45
Occupation time in the future: Longer than 10 Years/lifelong 441
Likelihood to lose popery in the next 5 years: Unlikely 4
House condition: Old 3.72
House size: Medium 3.71
Dominant building size in the neighbourhood: Medium 3.55
Event in case of loss of property: Upgrading 3.18
Location of the neighbourhood: Moderate slope 291
Household access to unpaved road: Yes 2.46
Household access to footpath: No 2.13
Location of the neighbourhood: Proximity to watershed 2.01
Unpaved roads: Yes 2
Cluster 4

Variables Test statistic
Wall material: Concrete 7.92
House condition: New 7.27
House shape: Complex shape 5.99
Household access to water: Yes 5.47
Occupation time: Between 1 and 5 years 451
Occupation time in the future: Longer than 10 Years/lifelong 4
Location of the neighbourhood: Moderate slope 3.93
Household access to unpaved road: Yes 3.93
Likelihood to lose popery in the next 5 years: Somewhat likely 3.77
Occupation time: Between 5 and 10 years 3.72
House size: Medium 2.89
House size: Large 2.69
Likelihood to lose popery in the next 5 years: Very unlikely 2.69
Eviction experience: Yes 2.67
Property acquisition: Bought from the private individual 2.59
Event in case of loss of property: Land readjustment 2.37
Garbage pickup: Yes 2.09
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