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A B S T R A C T   

Most earth observation (EO) approaches only yield a binary delineation of deprived/non-deprived areas – an 
oversimplified characterisation with little information inferred regarding the diversity of intra-urban depriva-
tion. In this study, we attempt to explore the potential of using VHR EO-based data to predict the degrees of intra- 
urban deprivation in Nairobi, Kenya. This involves a two-step workflow of characterising and predicting a 
continuous index of deprivation degrees. First, a principal component analysis (PCA) is conducted to characterise 
the multi-dimensionality of deprivation using open geospatial datasets as a set of continuous indices. Next, a 
convolution neural network (CNN) based regression model is trained to directly predict the deprivation indices 
using SPOT-7 images. The best prediction of the proposed CNN regression model is obtained in the morphology- 
based domain, with an R2 of 0.6543. We demonstrate the potential of an EO-based method to directly capture the 
degrees of morphological deprivation with relatively high accuracy, while also acknowledging its limitations in 
predicting the complexity of deprivation.   

1. Introduction 

Currently, more than half of the world’s population lives in urban 
areas, a proportion estimated to reach 68% by 2050, with nearly 90% of 
the new residents added into Low-to Middle-Income countries (LMICs) 
alone (United Nations, 2019). This rapid urbanisation in LMICs has 
contributed to the proliferation of slums and informal settlements, 
which absorb the vast majority of the growing urban population - the 
slum dwellers, living with limited access to basic services and infra-
structure (Zhang, 2016). The increasing number of slum population, 
which directly linked to urban poverty and deprivation, has become a 
major threat in achieving the Sustainable Development Goals (SDGs) 
and improving city resilience and sustainability, particularly in LMICs 
(Zahra et al., 2018). The COVID-19 pandemic has disproportionately 
worsened the living conditions of slum dwellers (addressed by SDG 
Target 11.1 that aims by 2030 to “ensure access for all to adequate, safe 
and affordable housing and basic services, and upgrade slums”) 
compared to other urban residents. Instead of progressing towards 
“Leave no one behind” (central to the 2030 Agenda and its SDGs) 
(United Nations, 2020), COVID-19 has further marginalised those 
already vulnerable (Tampe, 2021). Meeting the increasing demand of 
the urban population (especially the slum residents), while also ensuring 

sustainability, inclusiveness and equality of cities, requires routinely 
collection of information on urban deprivation (e.g., on housing, 
social-economic and environmental conditions) (Mahabir et al., 2020). 

The term ‘slum’ is widely used in urban and sustainable development 
studies, but varies strongly across contexts, leading to the inconsistent 
and ambiguous spatial delineation of slums. A broadly accepted defi-
nition of slum from UN-Habitat (2003) refers to a household or a group 
of individuals lacking one or more of the following: durable housing, 
sufficient living space, access to safe water, access to adequate sanitation 
and security of tenure. Yet, this household-based conceptualisation in-
cludes inadequate area-level and context-dependent information (e.g., 
hazard risks), coupled with low updated frequency and limited scal-
ability, due to the burdensome costs of conducting household surveys 
(Thomson et al., 2020). Slums are typically deprived urban areas, but 
the term ‘deprived area’ incorporates more complex and diverse aspects 
of deprivation. 

Over the years, deprived urban areas have been extensively studied, 
mainly concentrated on their characterisation (Abascal et al., 2022; 
Abubakar et al., 2017; Gilbert, 2007; Lilford et al., 2019; Lucci et al., 
2018) and spatial detection (Kit et al., 2012; Kohli et al., 2016; Kuffer 
et al., 2018; Mboga et al., 2017). However, these two activities are not 
connected, and commonly deprived areas are mapped by their outer 
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boundaries with dual categorical labels, based on the spatial configu-
rations, while detailed characteristics within the deprived areas are 
often omitted (Kuffer et al., 2021). So far, a complete research workflow 
in deprivation mapping starting from its initial characterisation to 
spatial detection and prediction is missing. Recent approaches investi-
gate slums via the lens of ‘Multiple Deprivation’ (Ajami et al., 2019; 
Arribas-Bel et al., 2017; Kuffer et al., 2017; Thomson et al., 2020), which 
were widely explored in previous census-based studies (Baud et al., 
2009; Gill, 2015). In general, the multiple dimensions of deprivation 
faced by slum dwellers are not independent of each other but interact 
(Mahabir et al., 2016). Such spatial information on deprived areas is 
highly needed by different users for sustainable development planning 
and decision-making, yet very scarce (Kuffer et al., 2021; Niu et al., 
2020). 

In the last decade, many studies used very-high-resolution (VHR) 
earth observation (EO) data to identify and map the spatial distribution 
of deprived areas (Kuffer et al., 2016), given the increasing availability 
of satellite images and the recognition that multiple deprivations 
partially manifest themselves on the physical morphologies in space 
(Duque et al., 2015; Taubenböck et al., 2009). Many advanced model-
ling techniques have been applied in slum classification, including ma-
chine learning (ML) methods, using hand-crafted features (e.g., Random 
Forest) (Duque et al., 2017; Niu et al., 2020), as well as deep learning 
(DL) models (e.g., convolutional neural network (CNN)) (Liu et al., 
2019; Persello & Stein, 2017; Wang et al., 2019). Such methods can 
achieve relatively high prediction accuracy above 85% on average 
(Merodio Gómez et al., 2021). Compared to survey- or field-based 
methods, the unique advantages of EO approaches lies in its high tem-
poral granularity, large geographic coverage, flexible spatial granu-
larity, and the transferability across different scales (Kuffer et al., 2020). 
Most lately, using gridded approaches for mapping deprivation has been 
advocated in the EO community, as it helps to obfuscate the boundaries 
of deprived areas, thus avoiding exposing vulnerable groups to the 
public and it also fits the fuzzy, complex nature of multiple deprivation 
(Kuffer et al., 2021). In addition, a gridded system can be flexibly in-
tegrated into other spatial layers through aggregation to support various 
user needs in urban planning. 

Most EO studies focus on the basic mapping of the location of 
deprived (slum) areas (Thomson et al., 2020), producing binary de-
lineations of the slums depended on their morphological characteristics, 
with limited information regarding the diversity and intensity of 

multiple deprivations. Thus, the linkage between the spatial 
morphology (manifested in EO data) and multiple deprivations (usually 
‘hidden behind the images’, crucial for supporting planning and sus-
tainable development) has not been systematically explored. Moreover, 
previous studies mostly focus on small urban parts or pre-delineated 
deprived pockets, covering areas of several km2, rather than map 
deprivation at city scale (Liu et al., 2019; Wang et al., 2019). Lately, the 
feasibility of applying EO-based models to predict deprivation level has 
been explored by Ajami et al. (2019), yet, the overall methodology still 
builds on a prior binary classification model, combined with GIS 
features. 

Existing methods in deprivation mapping are usually siloed (Thom-
son et al., 2020). In order to understand the consistency and potential of 
integrating the methods, we aim to explore how multi-dimensional 
deprivation can be characterised and also captured by the EO-based 
technology. Although EO-based deprivation mapping thrives a lot 
from the recent development of advanced ML models with more VHR 
satellite images available, it still limits to producing binary delineation 
of deprivation (i.e., slum versus formal areas). The underlying power of 
EO-based DL models in directly capturing multiple deprivation in 
continuous scale is still under investigation. Therefore, in this study, we 
decide to employ a comprehensive and area-based term: ‘deprived 
areas’, and characterise it as a continuous, multi-dimensional spatial 
concept. To fill in the gaps, we developed a novel workflow of depri-
vation mapping, starting from characterising deprivation using 
geo-spatial datasets to capturing the established deprivation degrees 
using EO data. This includes two stages: firstly, we attempt to charac-
terise multiple deprivation in continuous degrees, based on a recently 
developed comprehensive “Domains of Deprivation” conceptual 
framework (Abascal et al., 2022), using various open spatial data; sec-
ondly, we aim to explore to what extent an EO-based method can cap-
ture the multi-dimensionality of deprivation by training a CNN-based 
regression model on VHR EO images. By doing so, we introduce a sta-
tistical method that can characterise multiple deprivation in continuous 
scales in gridded format for Nairobi, based on geo-spatial datasets. We 
also investigate the potentials and limitations of EO-based methods to 
predict continuous degrees of multiple deprivation, especially regarding 
the physical and morphological dimension. We demonstrate the unique 
advantages of EO-based methods in producing routine spatial informa-
tion on deprivation at the city scale (that responds to the high dynamics 
of LMICs). In principle, our methodology could be transferred to other 

Fig. 1. Study area map; (a) location of Nairobi, Kenya with existing slum boundaries delineated; (b) zoom-in deprived areas.  
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applications in LMICs to generate a series of urban poverty maps, which 
help to inform local planners formulating more comprehensive and in-
clusive pro-poor policies that target the most vulnerable groups and 
areas in cities, and eventually facilitating international collaboration to 
improve urban resilience towards achieving SDG 11 targets. 

2. Methods 

2.1. Study area 

This study was conducted in Nairobi, the capital of Kenya (Fig. 1). 
Being one of the largest cities in Africa, Nairobi covers an administrative 
area of in total 696 km2 with a population of around 4.3 million (Kenya 
National Bureau of Statistics, 2019). Nairobi shows a strong 
socio-economic divide between deprived urban areas and well serviced, 
planned areas. However, both areas are heterogenous (Kraff et al., 
2019). It is estimated that 50% to 60% of the total urban population live 
in ‘slums’ – one of the most deprived parts of the city, while occupying 
only 6% of the land (APHRC, 2014). As the hotspots and centres of 
population growth, the deprived areas in Nairobi (e.g., Kibera, Viwan-
dani) are extremely populated, forming a unique spatial morphological 
pattern compared to the rest of the city (Ren et al., 2020). Although slum 
locations were drawn in Nairobi, very limited studies have been done to 
capture the multi-dimensionality of deprivation at the city scale. 

2.2. Overall methodology 

The overall workflow of this research is visualised in Fig. 2, 
comprising two key stages: deprivation characterisation and deprivation 
prediction. The major innovation of the proposed methodology in 
deprivation mapping lies in the potential of integrating unsupervised 
learning (i.e., PCA) and EO-based, deep learning (i.e., CNN) techniques, 
within an open environment. For the purpose of an integrated frame-
work, there are two steps including PCA for deprivation characterisation 

and EO-based CNN for deprivation prediction. In principle, PCA explores 
the similarities and differences among variables related to deprivation 
and allows to characterise deprivation by formulating continuous 
indices, meanwhile, the unique advantages in producing scalable, timely 
updated and fine-grained deprivation maps with relatively high accu-
racy using EO-based approaches (here, CNN) are still retained. 

Based on the contexts of Nairobi and ‘Domains of Deprivation 
Framework’(Abascal et al., 2022), the term ‘multiple deprivation’ was 
conceptualised to inform the candidate indicators of deprivation; next, 
all the indicators are collected from open geospatial data sources and 
pre-processed, compiled as deprivation covariates in 100m grid scale 
(IDEAMAPS, 2021). 

For deprivation characterisation, we applied Principal Component 
Analysis (PCA) on the deprivation covariates and generated a set of data- 
driven continuous indices indicating the degrees of deprivation (i.e., the 
‘multi-deprivation portfolio’); the PCA results were iteratively refined by 
inspecting the model metrics and validated with reference data and local 
expert knowledge. The established ‘multi-deprivation portfolio’ are a se-
ries of deprivation degree maps ranging from 0 to 1 at 100m grid scale. 
At deprivation modelling stage, we trained a deep CNN-based regression 
model, using the final ‘multi-deprivation portfolio’ (PCA) as target ‘labels’, 
and the VHR EO images as input to directly estimate the deprivation 
degrees. All the identified deprivation domains from the ‘multi-depriva-
tion portfolio’ were fed into the CNN model. Lastly, we interpreted, 
compared the ‘multi-deprivation portfolio’ and CNN outputs with ground 
reference information, specifically focusing on the ability of an EO 
technique in reflecting the multi-dimensionality as well as the degrees of 
deprivation. 

2.3. Data 

The data used in this study are divided into three major groups: 1) 
deprivation covariates for characterising multiple deprivation; 2) VHR 
satellite images as input for the deep learning model; 3) auxiliary 

Fig. 2. Overview of the proposed two-step methodology of characterising and predicting multiple deprivation.  

E. Luo et al.                                                                                                                                                                                                                                      



Sustainable Cities and Society 84 (2022) 104033

4

(reference) datasets for the validation and discussion of the results. 
We adopted the IDEAMAPS framework from Abascal et al. (2022) to 

characterise multiple deprivation. This framework deconstructs the 
multi-dimensionality of deprivation into three spatial scales, namely 
household-level, area- and area-connected level, and nine domains with 
70 relevant indicator groups. We use this framework to guide the se-
lection of indicators and datasets significant to LMICs and local contexts. 
A list of requirements was also employed in the inclusion of datasets. 
They are: (1) the data must be openly available so that this method can 
replicate across other LMICs cities; (2) the data should be numerical or 
quantifiable, as PCA is only applicable to continuous data; (3) the data 
format should be raster or could be rasterised in a sensible way; (4) the 
data should not be highly aggregated (e.g. census or survey data are 
usually enumerated at admin level), as the output index is set at 100m 
resolution; (5) the data should cover the entire study area (Nairobi); (6) 
the data should fit the local contexts. Consequently, 26 candidate in-
dicators were preliminarily extracted from open data sources1. At least 
one indicator was collected to cover each domain of multiple depriva-
tion, except for the physical hazards and assets, and governance do-
mains, given the limited data availability. Table 1 provides a summary 
of the 26 candidate indicators, including their description, relevance (i. 
e., whether the increase of indicator value would contribute to or reduce 
the deprivation degree), the original format, and sources. 

All covariates were resampled into the standard 100m resolution 
grid. This high resolution grid retains most of the information from the 
input datasets, aligns well with existing global gridded datasets, e.g., the 
WorldPop database (Lloyd et al., 2017), and obfuscates the exact 
boundaries for privacy protection. Then, all the processed raster layers 
were standardised (Z-score) to avoid potential biases, given the large 
discrepancy of scale and measuring unit among individual covariates 
(Baxter, 1995). 

We used the SPOT-7 image acquired over Nairobi, Kenya in 2017 for 
the CNN experiments. SPOT images, as compared to higher resolution 
VHR images, are of moderate cost and more feasible to acquire. The 
images have a spatial resolution of 1.5m, with four bands, namely, red, 
green, blue and near-infrared. 

Three auxiliary datasets were collected to provide local contexts and 
support the validation of model outputs. The first is the reference slum 
boundaries of Nairobi, produced by local communities and NGOs in 
2016. Unlike classification tasks where the outputs can be validated with 
the ground-truth data, in this study, the characterisation of multiple 
deprivations is a continuous value. Nonetheless, it should be foreseeable 
that areas with a high estimate of deprivation degree would geograph-
ically overlap with slums. Additionally, we acquired a very recent 
research output from Vanhuysse et al. (2021) that provides 
land-use/land-cover (LULC) typologies within Nairobi, including high- 
to mid-density built up, low-density built up, industrial area, typical 
deprived areas and atypical deprived areas. The typical deprived areas 
are dominated by highly dense, compact settlements with irregular road 
networks, while the atypical deprived areas accommodate mid-dense 
building clusters with more organised road networks. The last auxil-
iary data is the Kenya Settlements Extents Database, used to differentiate 
the built-up and non-built-up urban areas of Nairobi. 

2.4. Characterising multiple deprivation as continuous indices using PCA 

Principal component analysis (PCA), as an unsupervised learning 
technique, derives a set of uncorrelated principal components (PCs) – i. 
e., the linear weighted combinations of original variables (Jollife & 
Cadima, 2016). Due to its outstanding performance in transforming data 
with large dimensionality while minimising the information loss, PCA 

has been widely applied by researchers to formulate a multiple depri-
vation index (Aungkulanon et al., 2017; Basu & Das, 2020; Mishra, 
2018). Several assumptions about the fitness of input data were ana-
lysed, including the Pearson correlation coefficient matrix (Tabachnick 
& Fidell, 2007), the Kaiser-Mayer-Olkin test (KMO) to assess the sam-
pling adequacy of the data (Hutcheson & Sofroniou, 1999; Kaiser, 
1960), and the Bartlett’s test of sphericity. All the 26 candidate in-
dicators satisfied the above criteria, thus intactly retained for the PCA 
analysis. 

2.4.1. PCA-based index construction 
We performed PCA on the deprivation covariates to formulate the 

‘multi-deprivation portfolio’, which encompasses a summarised aggregate 
multiple deprivation index, and a set of indices measuring the depri-
vation degree in individual sub-domains. The calculation method is 
based on the ‘SoVI recipe’ (Cutter et al., 2003) and the work from Abson 
et al. (2012). Specifically, we conducted PCA using varimax rotation and 
retained the PCs with an eigenvalue greater than one (Kaiser, 1960). 
Meanwhile, the rotated component matrix (RCM) was generated to help 
interpretation by identifying the dominant variables (i.e., variables with 
high factor loadings) within that component. All the PCs were normal-
ised between 0 to 1, where 0 represents the least deprived, and 1 in-
dicates the highest level of deprivation. 

Regarding the aggregate measure of deprivation degrees, all the 
retained PC scores (not normalised) were ultimately combined to derive 
the aggregate multiple deprivation index, as: 

AMDI =
∑q

i=1
σ ∗ PCi (1) 

Where the Aggregate Multiple Deprivation Index is denoted as AMDI; 
q is the number of retained PCs; σ is the directional adjustment coeffi-
cient, either equal to -1 (negative directionality) or +1 (positive direc-
tionality), dependent on the effect of the PC. 

2.4.2. PCA-based index refinement and validation 
The preliminary results from the PCA were statistically checked and 

geographically visualised in the 100m grids to be inspected with the 
VHR satellite images and auxiliary data. During the refinement, two 
adaptations were made: first, only the urban built-up areas of Nairobi 
were included in the PCA model to focus on the large heterogeneity even 
within the built-up regions (Kuffer et al., 2017); second, several cova-
riates were discarded to avoid potential biases resulting from the un-
balanced distribution and coarse resolution of original inputs. A 
summary of the discarded indicators is provided in APPENDIX A. 
Finally, the refined ‘multi-deprivation portfolio’ was validated by statis-
tically comparing to the auxiliary datasets, together with visual assess-
ments on the VHR satellite and street-view images of Nairobi 
(Mapillary, 2021), and a semi-structured interview with the local expert. 

2.5. Mapping deprivation using a deep CNN-based regression model 

2.5.1. Image and sample preparation 
Given the standard 100m grid-scale of our proposed ‘multi-depriva-

tion portfolio’, the SPOT-7 image was first clipped into a series of small 
image tiles, of which the size should be geographically equivalent to the 
100m grid. However, considering the 1.5m resolution of the SPOT-7 
image and the ease of the CNN model implementation, the actual size 
of the input image tile was determined on 64 × 64 pixels (96m grid), 
approximately equal to the 100m grid. In total, 45,559 image tiles of 64 
× 64 pixels were extracted from the original SPOT-7 image, covering the 
entire urban built-up areas of Nairobi, same as in the PCA step (Fig. 3). 
For training the CNN model, the tiles (45,559) were split into training, 
validation and test datasets. We deviated from the common rule of 70%, 
15%, 15% (Xu & Goodacre, 2018), knowing that data are often scarce in 
LMICs and decided to take 7000 (~15%) samples for training and 

1 The deprivation covariates collected from open data sources are available at 
https://github.com/EqiLuo/MappingDeprivation/tree/main/PCA_Proce 
ss/Deprivation%20Covariates%20Data%20for%20PCA 

E. Luo et al.                                                                                                                                                                                                                                      

https://github.com/EqiLuo/MappingDeprivation/tree/main/PCA_Process/Deprivation%20Covariates%20Data%20for%20PCA
https://github.com/EqiLuo/MappingDeprivation/tree/main/PCA_Process/Deprivation%20Covariates%20Data%20for%20PCA


Sustainable Cities and Society 84 (2022) 104033

5

Table 1 
The list of deprivation covariates dataset under the domains of deprivation.  

Candidate 
indicator 

Effect Description (year) Rationale/Hypothesis Original 
format 

Data source 

Household Socio-economic Status 
Skilled birth 

attendance 
- The estimated possibility of receiving skilled 

birth attendants during delivery. (2014) 
Higher percent of receiving skilled birth 
attendants indicates less deprivation in maternal 
health care. 

Raster tiff 
(~300m) 

WorldPop Development and 
Health Indicators ( 
Ruktanonchai et al., 2016) 

Poverty þ Estimated proportion of people per grid living 
in poverty, as defined by the Multidimensional 
Poverty Index. (2008) 

Poverty rate is a key indicator in measuring 
deprivation. High poverty rates directly indicate 
more serious deprivation levels. 

Raster tiff 
(~1000m) 

WorldPop Development and 
Health Indicators (Tatem 
et al., 2013) 

Female literacy - Estimated percentage of women aged 15− 49 
who are literate. (2014) 

If more women are literate, the less deprivation 
in education level. 

Raster tiff 
(~4700m) 

The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

Male literacy - Estimated percentage of men aged 15− 49 who 
are literate. (2014) 

If more men are literate, the less deprivation in 
education level. 

Raster tiff 
(~4700m) 

The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

DT3 vaccination - Estimated percentage of children 12− 23 
months received a third dose of DPT 
vaccination. (2014) 

The vaccination rates indicate the level of 
primary health care coverage for newborn 
children. 

Raster tiff 
(~4700m) 

The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

Access to 
Insecticide- 
Treated Net 
(ITN) 

- Estimated percentage of the de facto 
household population who could sleep under 
an ITN if each ITN in the household were used 
by up to two people. (2014) 

The use of ITN reduces the risk of malaria illness 
and severe disease caused by insects. 

Raster tiff 
(~4700m) 

The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

Stunted Children þ Estimated percentage of children under age 5 
years stunted (below − 2 SD of 
height− for− age according to the WHO 
standard). (2014) 

The growth status of children indicates the level 
of deprivation. 

Raster tiff 
(~4700m) 

The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

Unmet family 
planning 

þ Estimated percentage of currently married or 
in-union women with an unmet need for 
family planning. (2014) 

The unmet need for family planning contributes 
to deprivation faced by the household. 

Raster tiff 
(~4700m) 

The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

Housing 
Improved 

housing 
- Estimated prevalence of improved housing 

(with improved water and sanitation, 
sufficient living area and durable 
construction). (2015) 

Access to improved housing conditions reduces 
the level of deprivation. 

Raster tiff 
(~4700m) 

(Tusting et al., 2019) 

Improved water 
source 

- Estimated percentage of the de jure population 
living in households whose main source of 
drinking water is an improved source. (2014) 

With access to better water source, the 
deprivation level decreases. 

Raster tiff 
(~4700m) 

The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

Open defecation þ Estimated percentage of the population living 
in households using open defecation. (2014) 

Households using open defecation are more 
deprived of sanitation. 

Raster tiff 
(~4700m) 

The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

Pit latrines þ Kernel density of the pit latrine locations in 
Nairobi, generated by a bandwidth of 1000m. 
(2015) 

Households using pit latrines as defecation 
facilities are more deprived of sanitation. 

Point vector (Mahabir et al., 2020) 

Social Hazards and Assets 
Armed conflicts þ Kernel density of reported armed conflicts 

occurred in Nairobi, generated by a bandwidth 
of 1000m. (2019) 

If an area is more exposed to armed conflicts, it is 
more deprived of the security level. 

Point vector The Armed Conflict 
Location Events Dataset 
project (ACLED, 2020) 

Contamination 
PM 2.5 þ The annual concentrations (micrograms per 

cubic meter) of ground-level fine particulate 
matter (PM2.5) in Nairobi, with dust and sea 
salt removed. (2016) 

Hight concentrations of PM 2.5 reduces the air 
quality. 

Raster tiff 
(~1000m) 

NASA SEDAC (Van 
Donkelaar et al., 2016) 

Density of 
waterways 

þ Kernel density of OSM waterways (river, 
stream, canal) in Nairobi, generated by a 
bandwidth of 1000m. (2020) 

The waterbody in urban Nairobi is heavily 
polluted due to the increased discharge of 
industrial, commercial, and domestic effluents ( 
Mulei, 2012). Thereby, the proximity to rivers 
indicates deprivation in water quality. 

Polyline 
vector 

Open Street Map 

Illegal dump 
sites 

þ Kernel density of illegal trash dump sites in 
Nairobi, generated by a bandwidth of 1000m. 
(2017) 

The presence of unplanned dump sites reflects 
poor waste management. 

Point vector (Ogutu et al., 2019) 

Unplanned Urbanisation 
Population 

density 
þ Estimated population density per pixel at 

100m resolution, adjusted to match the 
corresponding UNPD 2020 estimate of 
Nairobi. (2020) 

Highly populated areas tend to be more deprived 
due to lack of living spaces and over- 
crowdedness. 

Raster tiff 
(~100m) 

WorldPop Grid Population 
Counts (Bondarenko et al., 
2020) 

Building density þ The number of buildings per grid cell area in 
m2. (2020) 

High building density usually indicates the lack 
of sufficient living spaces. 

Raster tiff 
(~100m) 

WorldPop Urban Building 
Footprint (Dooley et al., 
2020) 

NDVI - Maximum Normalised difference vegetation 
index (NDVI) in Nairobi. (2019) 

Low NDVI value indicates the absence of green 
space, which increases the deprivation in living 
environmental quality. 

Raster tiff 
(~30m) 

Climate Engine ( 
Huntington et al., 2017) 

Infrastructure 
Night-time light - The VIIRS night-time light value of Nairobi. 

(2016) 
The presence of electrical lighting on the earth 
surface indicates street light infrastructure, also 
widely used as a proxy of income, development. 

Raster tiff 
(~100m) 

WorldPop Covariates ( 
Lloyd et al., 2019) 

(continued on next page) 
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validation, while the remaining 38,559 samples were used for testing. 
The stratified random sampling method was employed to extract the 
7000 samples, ensuring an adequate representation of the original dis-
tribution pattern from the PCA-based deprivation index. The total 
samples were first divided into five sub-groups based on the interval of 1 
standard deviation of the PCA-based aggregate deprivation index, and 
then extracted into 7000 samples. Within the 7000 samples, 4900 (70%) 
is used for training, and 2100 (30%) is used for validation, following the 
random sampling method. 

2.5.2. Deep regression CNN configuration and optimization 
A deep CNN-based regression model was applied for extracting the 

spatial-contextual features from the VHR images to predict the PCA- 
based multiple deprivation indices in Nairobi. The CNN regression 
model builds on the VGG-16 (Simonyan & Zisserman, 2015) with some 
modifications made to fit the regression purpose (Fig. 4). The most 
important innovation of our CNN is the insertion of a regression layer (i. 
e., the Sigmoid layer) to replace the conventional ‘SoftMax’ layer, such 
that the outputs are a set of continuous values between 0 to 1, instead of 
categorical labels (Babu et al., 2016). The optimisation of the CNN 

Fig. 3. The extracted image tiles for the CNN-based regression model, (a) examples of zoomed-in image tiles showing the size and location, (b) the total image tiles, 
covering the built-up areas of Nairobi, and (c) the 7000 training tiles, selected using stratified random sampling. 

Table 1 (continued ) 

Candidate 
indicator 

Effect Description (year) Rationale/Hypothesis Original 
format 

Data source 

Density of bus 
stations 

- Kernel density of informal bus stations in 
Nairobi, generated by a bandwidth of 500m. 
(2019) 

High accessibility to public transport indicates 
less deprivation level. 

Point vector The DHS model Surface ( 
Burgert-Brucker et al., 
2018) 

Distance to 
major roads 

þ Distance of per grid centroid to the nearest 
OSM major road. (2020) 

Proximity to major roads indicates less 
deprivation level in terms of access to transport. 

Polyline 
vector 

(OpenStreetMap, 2020) 

Poor quality 
roads 

þ Kernel density of road with poor quality (i.e., 
unpaved, unsurfaced, track, path, footpath, 
grave) in Nairobi, generated by a bandwidth of 
1000m. (2020) 

Areas dominated by roads with poor quality are 
deprived in transport infrastructure conditions. 

Polyline 
vector 

(OpenStreetMap, 2020) 

Facilities and Services* 
Distance to 

education 
facilities 

þ Distance of per grid centroid to the nearest 
education facilities (schools, college, 
university etc.). (2020) 

Areas with higher distance to education facilities 
are more deprived in accessibility. 

Point vector Humanitarian 
OpenStreetMap Team ( 
HOTOSM, 2020) 

Distance to 
health 
facilities 

þ Distance of per grid centroid to the nearest 
health facilities (hospital, clinic, pharmacy 
etc.). (2020) 

Areas with higher distance to health facilities are 
more deprived in accessibility. 

Point vector Humanitarian 
OpenStreetMap Team ( 
HOTOSM, 2020) 

Distance to 
financial 
facilities 

þ Distance of per grid centroid to the nearest 
financial facilities (bank, ATM, bureau de 
change etc.). 

Areas with higher distance to financial facilities 
are more deprived in accessibility. 

Point vector Humanitarian 
OpenStreetMap Team ( 
HOTOSM, 2020) 

* Some indicators such as “distance to facilities” are not completely reflecting the actual urban context in Nairobi, but are still applicable to most cases, which makes it 
reasonable to be kept in the list. The distance-related indicators are at the area-connected level, focusing on the availability, accessibility (distance as a proxy) and 
affordability of common facilities and services, which have been used in previous deprivation studies to a good extent (Abascal et al., 2022). 
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model was done via fine-tuning several hyper-parameters. For more 
details about the optimisation process, please refer to APPENDIX B. 

The CNN model was implemented using Keras deep learning library 
and the Python programming language via Jupyter Notebook 2. To 

address the high computational cost in processing large geo-datasets, the 
whole CNN simulation was performed in the modelling platform of ITC 
Centre of Expertise in Big Geodata Science (CRIB, 2021) with the NVI-
DIA Jetson AGX 8-core GPU and 32 GiB memory. 

2.5.3. CNN model evaluation 
The evaluation metrics used in this study include mean absolute 

error (MAE), root mean squared error (RMSE) and the coefficient of 
determination (R2). The MAE calculates the average of the absolute 

Fig. 4. The overall architecture of the proposed VGG-based CNN regression model.  

Table 2 
The retained principal components scores and the component loadings in the rotated matrix.  

2 The complete Python script of the CNN simulation is available at GitHub for 
the readers’ reference (https://github.com/EqiLuo/MappingDeprivation 
/tree/main/CNN-based_regression_model). 
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difference between the prediction and the actual value, thus indicating 
the average magnitude of the error from the predictions. The RMSE 
measures the squared magnitude of the average error from the pre-
dictions, and tends to give more weight to large errors, so it is useful for 
detecting the outliers in predictions. The R2 provides an overall assess-
ment of the model. In addition to the statistical metrics, the CNN outputs 
were geographically visualised and compared with the PCA reference 
data. The visual assessments were conducted for each of the deprivation 
predictions from the CNN model. 

3. Results 

3.1. Multi-dimensional deprivation through refined PCA scores 

Four principal components linearly combined from 15 deprivation 
covariates are retained, with each of the PC’s eigenvalues greater than 1. 
A KMO test value of 0.862 is achieved, considered as good (Hair, 2006). 
The first four PCs together explain 63.8% of the total variance from the 
original 15 variables. Table 2 details the four extracted PCs and their 
effects on deprivation, eigenvalue, and percentage of explained vari-
ance, with the dominant loadings highlighted in different colours. Note 
that each component is interpreted as a different facet of 

multi-deprivation based on the heavily loaded factors. 
The first component (PC1) accounts for 26.7% of the total variance. 

PC1 is heavily dominated by the following six indicators: population 
living in poverty, distance to health, education and financial facilities, 
percentage of skilled birth attendance and night-time light (NTL) value. 
Among these, the poverty rate and NTL are very popular proxies for 
measuring the poverty level (Jean et al., 2016; Kuffer et al., 2018); while 
the three distance indicators explain the accessibility to facilities and the 
skilled birth attendance indicates maternal heaths care level. Thus, PC1 
is titled as “Poverty, accessibility to facilities, and maternal health 
support”. The second component (PC2) explains 17.67% of the total 
variance. PC2 is heavily loaded on four indicators, including population 
density, building density, maximum NDVI value and the density of 
illegal dumpsites, thus indicating areas of highly dense buildings where 
the large population reside, coupled with the lack of vegetation coverage 
and poor waste collection. As such, PC2 is termed as “Dense urbanisa-
tion, absence of green space and waste management”. Regarding the 
third component (PC3), it includes two dominant factors – the annual 
concentration of pm2.5 and water density – which together account for 
10.66% of the total variance. As mentioned in Table 1 that most of the 
waterways are seriously polluted in Nairobi, PC3 can be titled “Air and 
water contamination”. The last retained component (PC4) accounts for 
8.74% of the total variance. PC4 is largely dominated by three indicators 
– density of roads with poor quality, density of bus station and distance 
to major roads, with each pertaining to transport conditions and road 
infrastructure. So, PC4 is labelled as “Transport infrastructure”. 

3.2. Interpretation and validation of the ‘multi-deprivation portfolio’ 

The ‘multi-deprivation portfolio’ was first compared with the slum 
boundary dataset (note that the slum extents do not cover all the 
deprived areas, in particular, the atypical deprived areas). For the 
quantitative comparison (PCA-based deprivation index and slum ex-
tents), we assume that all the built-up areas that do not fall within the 
slum extents are considered non-slums. 

Based on the boxplot (Fig. 5), it is clear that except for PC1, slum 
areas have, in general, higher deprivation degrees than the non-slum 
areas. In particular, PC2 shows the largest discrepancy of deprivation 
degree between slum and non-slums on average. Surprisingly, the 

Fig. 5. - A boxplot of the distribution of PCA-based deprivation indices on slum 
and non-slum areas; PC1: Accessibility to facilities; PC2: Unplanned urbanisa-
tion; PC3: Contamination; PC4: Infrastructure. 

Fig. 6. Spatial distribution of the ’multi-deprivation portfolio’ at 100m grid, with the reference slum boundaries overlapped above; PC1: Accessibility to facilities; 
PC2: Unplanned urbanisation; PC3: Contamination; PC4: Infrastructure. 
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deprivation level in PC1 shows an opposite picture, indicating that non- 
slum areas in Nairobi are more deprived in one or more of the following 
aspects: income level, accessibility to facilities and maternal health 
support. As for PC3, the deprivation level does not differ a lot, with 
slums scoring slightly higher on average. PC4 and the aggregate index 
show a clear difference between slums and non-slums, confirming that 
slums are more deprived in general. 

Fig. 6 visualises the spatial distribution of the PCA-based multiple 
deprivation indices at 100m grid (slum boundaries in red). The 
emerging spatial distribution pattern varies strongly across the indi-
vidual PCs, i.e., different parts of Nairobi face different forms of depri-
vation (e.g., contamination, infrastructure deprivation). In general, PC2 
and PC4 detect similar highly deprived areas, and PC1 and PC2 show an 
east-west division pattern of derivation. 

We presented the ‘multi-deprivation portfolio’ maps during the vali-
dation interview, where the local expert confirmed that PC2 best re-
sembles the local patterns of deprivation at the ground. In general, the 

highly deprived areas in PC2 are located within and around the de facto 
deprived neighbourhoods, and the ‘well-off’, non-deprived areas have 
low deprivation values. The PC4 captures the deprived slum region, in 
line with the local knowledge that most of the slums suffer from poor 
road quality (e.g., unpaved, unstructured). For PC3, the expert 
confirmed that the overall spatial pattern of contamination is relatively 
valid, as the east part of Nairobi locates a lot of industry, and the wa-
terways crossing through the city centre are highly polluted. PC1 is 
controversial because large parts of the urban outskirts are predicted as 
deprived, but according to ground knowledge, those sub-urban areas are 
usually low-density neighbourhoods whose residents tend to be middle- 
upper class. This counter-local deprivation pattern may result from the 
dominance of ‘distance’ indicators and night-time light in PC1 because 
urban peripheries are often far from facilities and have lower building 
density. PC1 indicates that the sub-urban areas are more deprived in 
terms of physical accessibility (distance), which is not a local issue as the 
residents usually have greater access to automobiles. However, the low 

Fig. 7. The visual assessment of PC2 on typical deprived areas in Nairobi. (a) the Mathare slum; (b) the Kibera slum  

Fig. 8. The visual assessment of PC2 on CBD area in Nairobi.  

E. Luo et al.                                                                                                                                                                                                                                      



Sustainable Cities and Society 84 (2022) 104033

10

Fig. 9. The visual assessment of PC2 on the atypical deprived areas in Nairobi.  

Table 3 
The CNN performance on test datasets in predicting PC2.   

MAE RMSE R2 

PC2 0.0421 ± 0.0402 0.0582 0.6543  

Fig. 10. The density scatter plot of PC2 prediction on the test dataset.  Fig. 11. The visual comparison between CNN prediction and the reference PC2 
index. The dashed boxes highlight the highly deprived areas in Nairobi. 
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level of deprivation in PC1 on the identified deprived areas, which is not 
universally true in Nairobi, may result from the great presence of NGOs 
and local community initiatives within and around the major deprived 
areas (Mahabir et al., 2020), such that the distance to key facilities has 
become much shorter. As the headquarter of UN-Habitat, Nairobi 
(especially deprived areas) receives resources and assistance from 
research institutes and international organizations. 

3.3. Highlight: PC2, the morphological deprivation domain 

Among all the facets of multiple deprivation, PC2 shows the stron-
gest variation of deprivation values between slum and non-slum, and a 
geographical coincidence of locally known deprived areas, characterised 
by dense urbanisation, absence of green space and poor waste man-
agement, among which the first two characteristics are morphology- 
based. The spatial manifestation of slums in Nairobi is well captured 
by PC2, highlighting the morphology-based deprivation. 

To further understand the characteristics of PC2, we performed a 
visual analysis of different LULCs in Nairobi using the VHR satellite and 
street-view images (Mapillary, 2021). First, the defined slums (also the 
typical deprived areas) fall predominantly into the orange-to-red grids i. 
e., the highly deprived areas (Fig. 7). When the urban fabric changes 
from dense slums to more structured built-up areas, the PC2 deprivation 
index drops. The areas covered by vegetation with sparsely scattered 
buildings have the lowest deprivation value. Two street-level photos of 
typical slums are purposely selected. Fig. 7-a presents a high density of 
pedestrians walking on unpaved roads with several garbage tiles. 
Fig. 7-b shows a better infrastructure condition with paved roads, but 
still dominated by dense sub-standard housings. 

Fig. 8 presents the visual inspection of PC2 in the central business 
district (CBD) area. The CBD in Nairobi has a quite low level of depri-
vation in PC2, albeit the upper-left part has higher values because of its 
higher building density. 

The atypical deprived areas (Fig. 9) show distinct gridded boundaries 
differentiating highly deprived from less deprived areas. The results 
depict well the actual divide between the atypical deprived areas and 
formal built up. Additionally, the two street photos show a lower 
building density and less waste accumulated in the atypical deprived 
areas in comparison to slums. 

3.4. CNN model implementation and optimisation 

PC2 – the morphology-based deprivation index – was fed into a deep 
CNN regression model to explore the potential of EO data in predicting 
deprivation degrees. The experiments on model optimisation are 
recorded in APPENDIX B . After the model optimisation, the final 
configured CNN-based regression model was implemented on the un-
seen test dataset, i.e., the remaining 38,559 sample grids that are in-
dependent of the model training and validation process. By doing this, 
the generalisation ability of the CNN model in predicting the intra-city 
deprivation degrees for the entire Nairobi (with limited training data) 
is tested. 

The performance of the CNN-based regression model is reported in 
Table 3. The MAE and RMSE values on the test dataset are 0.0421 and 
0.0582, respectively. The model achieves an R2 of 0.6543 on the test 
dataset, indicating moderately good performance. The density scatter 
plot of the CNN prediction and the reference values on the test dataset is 
visualised in Fig. 10. The vast majority of the test samples concentrate 
on the lower range, where the difference between model prediction and 
reference data is relatively small and stable. However, as the value in-
creases over 0.4, the error between the prediction and reference data 
also starts to become larger, with more samples being under-estimated 
by the CNN model 

3.5. CNN prediction on the ‘multi-deprivation portfolio’ 

The predicted morphology-based deprivation index is visually 
compared with the PC2 deprivation map (Fig. 11). Note that here the 
symbology of PC2 values is adapted using different intervals to under-
score the highly deprived areas, considering the large skewness in PC2 
value distribution. In this sense, a value more than 0.5 is regarded as 
highly deprived. Generally, the predicted PC2 shows a similar spatial 
pattern to the PCA-based PC2. It is clear that the highly deprived areas 
are also identified by the model, for example, the dashed box-a – i.e., 
Kibera slum. Similar spatial coincidences can be observed in other 
highlighted dashed boxes. However, the severity of estimated depriva-
tion degrees tends to be lower than the PCA-based indices. In addition, 
the CNN model generates patterns with high spatial granularities as 
compared to the PCA map. 

Apart from PC2, we trained the CNN model to predict other depri-
vation indices. However, none of them was able to yield a desirable 
result (see APPENDIX C). 

4. Discussion 

Although more urban deprivation maps in LMICs have become 
available by leveraging the power of advanced EO techniques, those 
mapping products usually stagnate in the traditional dichotomy (slum/ 
non-slum) due to the absence of a fine-grained and multi-dimensional 
characterisation of deprivation. In this study, we designed a two-step 
method that first characterises multiple deprivation as continuous 
indices and then examines the potential of an EO-based method to 
directly capture multiple deprivation. The discussion part is framed in 
terms of the multi-dimensionality nature of deprivation, the measuring 
of multiple deprivation, and the role of an EO-based method in depri-
vation mapping. 

4.1. Multi-dimensionality nature of deprivation 

In general, deprivation is a multi-dimensional, complex concept 
consisting of different but also inter-connected components, e.g., socio- 
economic status, physical morphology, environmental quality (Abascal 
et al., 2022; Baud et al., 2010; Thomson et al., 2020). This intrinsic 
complexity and intertwined nature of deprivation inhibit the re-
searchers, local governments and other stakeholders from arriving at a 
consensus on its definition. Present investigation and characterisation of 
multiple deprivation lack consistency across or even within the LMICs 
cities (Kuffer et al., 2021; Thomson et al., 2020). Therefore, the initial 
conceptualisation of multiple deprivation and the development of the 
related indicators directly determine the extent, magnitude, and di-
mensions of the resultant characterisation of deprivation. 

Despite the difficulty in conceptualising deprivation, another great 
challenge is the uncertainties in the input data for characterising 
deprivation. Aiming to provide a transferrable and scalable approach, 
we purposely establish the indicators from open databases, which 
inevitably bring some levels of uncertainties to the deprivation mapping 
results. In this study, though we initially collected 26 candidate in-
dicators, only 15 of them are included in the deprivation characterisa-
tion after the quality check. Some indicators (e.g., the DHS datasets) are 
removed due to their coarser resolution that leads to high uncertainties 
of the distribution at the grid level. Discarding unsuitable indicators 
helps to reduce uncertainties, but also diminishes the information 
richness of the model outputs (in this case, mainly in the social- 
economic status). Therefore, we could only interpret and discuss the 
deprivation results based on the input data. Moreover, high uncertainty 
is an unavoidable risk of using open data; nevertheless, with more open 
data becoming available and the development of advanced data mining 
techniques, deprivation mapping can still largely benefit from this data- 
rich environment (Mahabir et al., 2016). 
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4.2. Measuring multiple deprivation 

To characterise the multi-dimensionality of deprivation, this study 
employed an unsupervised PCA-based approach to produce a set of data- 
driven continuous measures of deprivation. We named the PCA-based 
mapping products as ‘multi-deprivation portfolio’ to underscore the 
comprehensiveness of the information provided by the continuous 
indices. Most of the traditional approaches generate binary or multi- 
categorical mapping products of urban deprivation, ranging from 
pixel-, grid- to administrative-level (Agarwal et al., 2018; Kuffer et al., 
2016, 2017; Mahabir et al., 2020). Such products of discrete labels are 
very straightforward and communicable to the local planners and 
stakeholders; however, it often fails to further unveil the variation and 
severity within the deprivation classes, coupled with the lack of reflec-
tion on deprivation diversity. Therefore, we suggest that our proposed 
‘multi-deprivation portfolio’ could fill in this gap by detailing deprivation 
on a continuous scale so that the value directly represents the depriva-
tion degree. Besides, the continuous index is also versatile to be cat-
egorised back into different classes (e.g., deprived/non-deprived) if the 
users require a general binary mapping of deprived areas. 

This research also reveals that measuring urban deprivation is sen-
sitive to the analysing scale and thus needs to be carefully decided on (in 
this study, 100m grids). During PCA refinement, we first encountered 
difficulties in interpreting the mapping results because the indicators 
with broader spatial scales tend to mask information from finer scales. 
This problem has been solved by retaining only the indicators with 
relatively fine scales. Yet, this does not necessarily mean that PCA is 
unsuitable for large scale analysis; instead, it is the inclusion of in-
dicators that should always adapt to the study scale, e.g., for a national 
deprivation mapping, the discarded DHS indicators (Table 1) may be 
highly valuable. 

Through the visual assessment, we also realise the ‘trade-offs’ of 
information richness between the aggregate index and the sub- 
dimensional deprivation indices (Fig. 6). By delivering a single aggre-
gate map of multi-deprivation, the policymakers can quickly identify the 
highly deprived areas, yet which specific domains contribute to the high 
deprivation degree among different areas still remains unclear. This 
information is provided by maps of different deprivation domains (e.g., 
PC 1-4), as easily interpretable indices. 

4.3. The role of EO-based methods in mapping deprivation 

In the second part of this study, we aim to train a deep CNN-based 
regression model using only EO data to predict the continuous depri-
vation indices. Prior to the model training, the ‘multi-deprivation portfo-
lio’ needs to be thoroughly interpreted to identify which PC should be 
first fed into the model, as the satellite images only contain physical and 
morphological features. The identification of the target PC requires 
adequate local knowledge of the multi-dimensional deprivation, which 
can be achieved via local validation, statistical analysis, and visual as-
sessments with reference data. We selected PC2 as the most morphology- 
based deprivation domain. By training the CNN model on PC2, we testify 
that an EO-based method indeed has the potential to directly predict 
morphological deprivation degrees, in the case of Nairobi. This may 
open a new gate to the deprivation mapping community in generating 
scalable, transferrable, and ‘end-to-end’ mapping products of the 
continuous morphological deprivation index. Moreover, maps on the 
physical expression of deprivation (using EO) can provide important 
data to support advocacy of urban initiatives (Mwaura, 2021), e.g., the 
Slum Dwellers International (SDI), Participatory Slum Upgrading Pro-
gramme (PSUP), which often rely on data that are out of date (Mahabir 
et al., 2020). Up-to-date data can play vital roles in supporting slum 
upgrading activities, and strategic planning to facilitate urban 
sustainability. 

However, when we tried to train the proposed CNN on other depri-
vation indices and the aggregate index, it shows that by only relying on 

satellite images, a CNN-based regression model cannot explain the 
variation of other non-morphological deprivation domains in Nairobi. 
This finding is in line with the previous studies that EO-based ap-
proaches could only capture the physical and morphological domains of 
deprivation, and need to build a remote sensing proxy to model other 
aspects of deprivation (Kuffer et al., 2020; Taubenböck et al., 2018). A 
potential way to improve the model performance on predicting 
non-morphological deprivation may be by introducing ancillary data. 
For example, Ajami et al. (2019) added hand-crafted and GIS features to 
the trained CNN model, which predicts deprivation degrees of slum 
settlements in Bangalore, and the R2 increased from 0.67 (using only EO 
data) data to 0.75. Notwithstanding, we may still argue whether adding 
additional hand-crafted feature layers is meaningful for an ‘end-to-end’ 
self-learning model like CNN because it may compromise the conve-
nience and efficiency of the state-of-the-art approach. 

Even though the EO-based methods fail to directly capture non- 
morphological deprivation, they still have the irreplaceable strengths 
that traditional survey- or field-based approaches cannot fully achieve, 
e.g., covering large areas, high efficiency and accuracy, scalability, and 
transferability (Kuffer et al., 2016, ; Kuffer et al., 2018). For further 
research, a clear yet not largely explored direction is to build the 
physical proxies that allow using image-based features to directly esti-
mate deprivation degrees (Duque et al., 2017; Georganos et al., 2019; 
Jankowska et al., 2011; Stoler et al., 2012). This approach assumes that 
deprived status would physically manifest itself in the imagery features 
in a distinct manner (Kuffer et al., 2018). To bridge the gap between 
EO-based features and multiple deprivation, we suggest investigating 
more discriminant and robust EO variables that add additional compo-
nents to reflect deprivation levels (e.g., surface temperature (Wang 
et al., 2019)), and jointly introducing ground-based data to state the 
uncertainties in the EO-based mapping products (Owusu et al., 2021). 
Additionally, the latest developments in global EO products, e.g., Bing 
global building footprints (Microsoft, 2022), Google Open Buildings 
(Sirko et al., 2021), are of high potential in contributing to larger-scale 
(yet still in relatively fine-resolution) deprivation mapping, given their 
open availability and spatially explicit, detailed information of building 
footprints extracted from VHR images. For instance, Jochem et al. 
(2021) used multi-scale building footprint data to classify settlement 
types at 100m grids, while Abascal et al. (2022) identified deprivation 
degrees using multi-level morphological features from building foot-
prints. We suggest that future studies may explore the potential of using 
such ‘ready-to-use’ EO products, jointly with the traditional open RS 
images (e.g., Landsat, Sentinel) in deprivation mapping, thus alleviating 
the need to heavily rely on VHR images. 

5. Conclusions 

In this study, we presented a 2-step workflow for routine updates of 
urban deprivation, by first characterising deprivation as a multi- 
dimensional, area-based concept and second training a CNN model to 
predict the established deprivation degrees. We examined the potential 
power of EO technique in directly mapping urban deprivation. During 
the characterisation, we conclude that given suitable and sufficient data, 
PCA has a unique advantage on deconstructing the multi-dimensionality 
of deprivation into inter-independent, explicit sub-domains with few 
assumptions, as well as providing a data-driven continuous measure of 
deprivation level with the flexibility to support multiple user needs. 
Through the deprivation prediction, the CNN model yielded promising 
results in the morphological domain but failed to explain the other do-
mains of deprivation. We, therefore, conclude that our proposed CNN 
model has the ability to directly capture intra-urban deprivation degrees 
from imagery data in Nairobi, although only restricted to the morpho-
logical dimension. The EO-based methods have unique strengths in 
capturing physical and morphological deprivation domains compared to 
traditional methods (e.g., census, filed-based mapping), in terms of 
transferability, spatial and temporal granularity, large geographic 
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coverage and the rising potentials of the increasing availability of open 
geodata. In general, we suggest that the major roles of EO-based 
methods in deprivation mapping could focus on two aspects: (1) 
directly capturing the morphological deprivation degrees across 
different cities and scales; (2) allowing for routine (high temporal 
granularity) mapping of deprivation dynamics within cities. 
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Appendix A 

The discarded indicatiors in PCA refinement were presented in Table A1. 

Appendix B. – The CNN model optimisation 

For model initialisation, several hyper-parameters are set based on the knowledge from previous deep regression studies (Ajami et al., 2019; 
Lathuiliere et al., 2020; Pyo et al., 2019; Ren et al., 2019). The CNN model was optimised via fine-tuning the individual hyper-parameters (Table A2). 
The ‘attention loss’ was intentionally included in the optimisation as proved to be particularly useful in dealing with the imbalanced distribution of 
input values in regression tasks (Ren et al., 2019), as the delineated slums are only a small part of the study area. The attention loss (AMAE) is denoted 
in Eq. (2) as adopted from (Ren et al., 2019): 

Table A1 
The summary of discarded indicators in PCA refinement.  

Removed datasets Justification 

The DHS model surface in Kenya 
2014; 
The improved housing 
prevalence 

Unsuitable spatial scale: The original resolution of these indicators is around 4.7km, which may be too coarse for this 100m grid intra-urban 
analysis. Thus, using such ‘big scale’ data would distort and mask off the spatial heterogeneity of other finer indicators and bring unwanted spatial 
autocorrelation from the 4.7km grid (Abson et al., 2012). 

Pit latrines Imbalanced distribution: the locational data of pit latrine was highly concentrated on existing slums because of the greater presence of non- 
government organisations (e.g., local initiatives, research institutes) conducting investigations in and around the deprived areas (Mahabir et al., 
2020). Thus, the data outside slums might be under-reported. 

Armed conflicts Imbalanced distribution: The Armed conflicts and events dataset are mostly retrieved from media-based sources (Eck, 2012). After a visual 
assessment, it is observed that the locational crime data tend to be largely underreported, especially outside the central business district, because 
the occurred events may not be reported on media.  

Table A2 
Summary of the hyper-parameters tuned for model optimisation.  

Order Hyper-parameter Explored values 

1 Batch Size (32, 64, 128, 256, 512) 
2 Learning rate (0.0001, 0.0005, 0.001, 0.005) 
3 Loss function (MSE, MAE, Log cosh, ‘Attention loss’)  
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⃒
⃒
⃒
⃒
yi

ŷi
− 1

⃒
⃒
⃒
⃒

AMAE =
1
n
∑n

i=1
αi

k|ŷi|

(2) 

where αi measures the relative difference between model prediction yi and reference value ŷi; k is the parameter specifying how much ‘attentions’ 
should be employed on the ‘hard’ subjects (the ones with a large discrepancy between prediction and reference) so that the model can down-weight 
the dominant majority of easily predicted subjects (Lin et al., 2017). The conducted experiments during hyper-parameter tuning were recorded in 
Table A3. 

Table A4 summarises the final results of hyper-parameter tuning. The optimal value for batch size is 256, and the one for the learning rate is 0.001. 
The attention loss was specifically employed because the original distribution of PC2 is highly skewed, where the vast majority of the training samples 
have a very low value of less than 0.2, so it is necessary to ensure the model is able to predict the high-value samples. The optimised model achieves an 
MAE of 0.422, RMSE of 0.0585 and R2 of 0.6637 on the validation dataset. 

Appendix C 

The CNN prediction on PC1 and PC3 show very little spatial variation across the city, with most of the urban areas being homogeneous in 
deprivation level. The predicted values on PC3 are largely overestimated, yet the west-east division pattern of Nairobi is still retained. Regarding the 
prediction on aggregate index, a lot of noises can be observed, and the average deprivation level is also slightly overestimated. Given the above model 
mis-performances on other deprivation indices, it can be concluded that by just using EO-based imagery data, the proposed CNN regression model is 
unable to capture the non-morphological deprivation degrees in Nairobi (Fig. A1). 

Table A3 
The records of all conducted experiments for hyper-parameter tuning.  

Order Hyper-parameter Value MAE RMSE R2 

Training Validation Training Validation Training Validation 

1 Batch size 32 0.0375 0.0420 0.0556 0.0615 0.6668 0.6282 
64 0.0363 0.0427 0.0529 0.0612 0.6979 0.6315 
128 0.0324 0.0412 0.0479 0.0594 0.7525 0.6526 
256 0.0069 0.0419 0.0129 0.0585 0.9821 0.6632 
512 0.0262 0.0425 0.0395 0.0599 0.8319 0.6469 

2 Learning rate 0.005 0.0341 0.0413 0.0495 0.0590 0.7357 0.6574 
0.001 0.0069 0.0419 0.0129 0.0585 0.9821 0.6632 
0.0001 0.0048 0.0428 0.0090 0.0599 0.9913 0.6472 
0.0005 0.0070 0.0454 0.0108 0.0647 0.9875 0.5876 

3 Loss function MAE 0.0069 0.0419 0.0129 0.0585 0.9821 0.6632 
MSE 0.0373 0.0428 0.0486 0.0590 0.7447 0.6574 
Log-cosh 0.0089 0.0427 0.0105 0.0602 0.9880 0.6429 
Attention loss (1.2) 0.0238 0.0418 0.0332 0.0597 0.8809 0.6487 
Attention loss (1.15) 0.0034 0.0419 0.0054 0.0588 0.9969 0.6599 
Attention loss (1.1) 0.0065 0.0422 0.0105 0.0585 0.9881 0.6637  

Table A4 
The optimal values found in hyper-parameter tuning.  

Order Hyper-parameter Optimal value 

1 Batch Size 256 
2 Learning rate 0.001 
3 Loss function Attention loss (k = 1.15)  
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