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Abstract of Thesis

Deprived Area Mapping usinegoarSaecalMalxlha neTr
Learning Approach

Population I|iving in deprived areas ¢

urgent need desohatuopat emabsghnd granul ar st e

and monitor changes. Satellite imagery provi
anaccur artes dligthi on maps globally. However, m
very-rkeisghuti on i mages, which often only covVe

model s to other cities remains urider tusien.of Mo
remote sensing data which provides a partie
i mportant socioeconomic aspects. This study
transferable approach to map dezZirmawed arneas
open geospatial data. The model s were traine
Nigeria, Accra Ghana, and Nairobi Kenya. Th
characteristics of deprived aaeecraisalanaln d rgrugue
l evel i nformation. This -ahdowsbham diovamdietrys
deprived asttap. méddenuilnmg approach was carri ec
city model ing, city to cityi mgdiedp wntg faemat uar ¢
contextual featur es, geospatial features, a
algorithms were evaluated for-lamgeppi perdeptr’
( MLP) , Random Forest, and XIGBpest or narec es cva
examined by using patches of the different d
the model s’ ability to map deprived areas 1 n

\Y



which deprived types ctainesb.e Reeassuilltys manpdpiecda tae
areas have heterogeneous | ocal characteristi

features for each city show that model s are

area types. Mo dye li st rasbilmreed oi mproemdd cdi tdepri ved
an F1 score over 65%. The generalized model
mul tiple cities. This approach offers a pron

areas globahgystabkbppotkdergsettead phamrgenti ons

changes.
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Chapter lintroduction

1.1. Background

Gl obally, urban areas are facing a set of
urbani zation, |l ocali zed i mpact of climate
devel opumeintted NaThess, cRO&RIODeé¢nges are | eading
corcftlsi in urban spaces and resulting -in unpr e
l' i ke communi t-aemsl iMhdohdmeg LCowntries (LMICs).
are characterized by poverty and substandar

arising from unplanned urbani zaAbascahdet aak

202.2)However, most <cities in LMICs have | imit
with climate change and ur banmizcatdiosnp arlietaide sn
vulnerability for(Botdmargeenumber 80D1Bgopl e
Spati al data required for effective plan
not available and/ or ar e Tchool nhseocnt,e dR G 20D &sri,| oest

Hi glresol uti on maps and granular statistics ol
enabl e policy makers to deliver improved pr
segment of society. These i nftcdremdiniidreal Nrad d u
Il nternati onal Organi zati-Goser hmematl alg o®reg amie.
(NGOs) to successfully comeduot epvegtamasahnd
communities. They need compr efhietnwsri e/ es iatswisatsisa
t hwul nerabl e popul ation for accurate planni

organi zations and government agencies priori



However, most <cities in LMI G668 doanotahaseat

(Weeks et al ., 2012)

The United Nations Sustainabl e Devel opmer
initiatives be targeted at specific 4 o0ocation
resolution maps and detailed statismics are

can be dififcioaslutmi agd tpiamei cul arly for LMICs

| nformati on on deprived areas, such as thei
environment al guality, IS necelsswiryt @ op @V ernt
I n many-croemmsduradened countries, however, such

met hods of measuring deprived areas rely on
prohibitively expensive and (8r&ker &telay . ¢comrRd
These surveys can cost hundreds of thousands
(at most every five years, generally every t

and tempor al coverage in most LMICs.

The emeorfgednicgel t al technol ogy and big dat a
the way data is sourced for development purp
(RS) (letrah et al ., 20@mabi Veapli@&ébteamascssa @dttsd p
al0l13pd soci(akedmethaaatr ealb.e,c02nd 271@) mor e preva
has proven wuseful in providing consistent,
deprived areas. Easmdwhe Obseccexasfiwind grpaenddRS
areas based on the physical characteristics
promisi fKunfdédeul, t Pfeffer, & Sliubapri2édoéare

are distinguishable by their buniquegphkdgssc:i



irregular street patterns, small buil ding si
di fferenttepriomd Baamaddadas n & Engstr om, 2016; W

2018)

RS is considered a potloudeaholsdipgpdteanenpr
high resol uariedomemgpscohat stent and scal abl e
Pl anet and Maxar as wel |t [Esurgpweamnmn nsepnatc ea Agre
now provide gl obal cover dge.hi Blhanseptaltaibasl prre
i mageadyaiolny basis (approximately 3m spati al
and or gssnuichataisorGoogl e, Microsoft and Meta he
and techniques for pr ociedsesnitnigft yR&8 g ddtua ] dimg

approaches -baskddd mabpeatnhal ysi s (Hof mann &

texture analysis (Kuffer, Pfeffer, Sl'iuzas,
2021, Hersh et al., 2@62h), m2OHi7Tne aneladriepg |
al ., 2016) .
1.2. Literature review - Deprived area

During the study, it was difficult to det
use to consistently map deprived arsas. The
di scipline and context. Commonly wused ter ms

precarioug Keetelegeméhteffer SI&mS| ifwzas, o020 1p6o)

conditions; i nfor mal settl ement rel ates to ¢
rel ates to environment al ri sk conditions. A
deprivation. The téemestumi gesi af oemali set cc

stigmati zat i(oKnfafnedr eevti catli.ons2018)
3



There is no operational defini-habntdue t
defines slums as any household whibelrtleacks
gual ity water, i mproved sanitatiom,e duwfnfdi ci e
tenuUMabitat, A2drldwback of the definition is
i mport eomtseadr aa sk such as fl oods, cri me, | a
associated wi{(EngsheomhbooMlemed i 2a0183pns focu
t he mor phol ogi cal features such as housin

environment al ri sk at a neighborhood | evel

Thi s adhoepstiss t he deprived area definition

on anbaasreeda mapphi(Mfdhoansmmga Kuf.f ewWeg dcdaf iane ,d epir2

areasm asy ban space that | acks physical and sc
is prone to disaster, and is charachheai zed b
term isntheogtrhatpechysi cal and social aspects of
comparison across <cities. The term deprived

t hroughout the thesis.

1.3. The research gap

Largeea deprived mappitnbjostilrs a scdcildle nagn dn g
task that involves conceptualizing deprived
dat a, and consulting with stakehol der s. Thi s
patterns of depriavddbdree gy osypianyy aflmadpdtsa camed
|l arge areas and across cities. The researc

observati ercoamani socina@i cators to i1identify an



(Kuffer et alfer2020S8S| Kutaey,201tef Mahabir e

2021)
During the time of this research, only 8
areas at a |l arge spatial -o&kroenac.e pMo sstt ugu kelsi or

focusing &% samahér arleran addressing gl obal [
2021) . Researchers have concluded that the r
not h®emog emu t rather (Krabmpkeéexafgl ob202y ; Ta
2018) pedd review of EO methods by Kuffer an
no operational contextual kno(WwKtuwefdfger ,ofP fdefpfrda
Sliuzas, A@®ilt6Waomaa | d2y0,2a8IN.al yzed the urban mor
ctiywi de Naiomecbiudeddt hartbdinveres ity oht da&pri ve.
single city. These knowledge gaps | imit exis
on this, the firstiwhatadanre stelaeg arhargulresli a@inaca
of deprived areas both wiltrhitnhias sphagde «fi ttyh
we explored and char aavtiesruiazle di nudaegper iivnetde raprreeats
taking adexmdratgek @®@dwgkedgde&artteh | matgelrly and G

Streetview i mages.

I n the second phase, we focused on scal al
produce geoinformati on -eofnf i ccd pernitv eadn da rsecaasl atbHh
departed from the beghacodstoceoendheorci fal e & Imgp
data. Most previous studies rel¥$0em Yerayw iHilg
resolution). Al t hough they promise high acc

mapping due to onmmet atriyomanld adadgtas.c Furt her mc



r e

co

fo

pYy

ap

| e

veal ed that VHR <can reduce <cl| aslsavéalcati o
mpl exities at( Wamg ,s Ktutflfement&hlededloee, 20OILE
cuses owososliudg olnew iongsmdgegspateieal tool s
t hon, QGI S, Jupyter notebook, Googl e Eart
proach. This allows for the ability to sc.
vel s. Clomselgueavd®l, abhDem8eérti aphti al resol

European Space Agency (ESA) are explored. TH
days,asiamgl e scene covers a |l arge area (290Kk
Googl eErE@irn é, it i s possible to create <cl ou
Mor eover ,sdurecee opems pati al data including de
and environmental wvariables are availabl e, a

Regarding the transferability of model s,
geographic |l ocation and fail i n other areas.
a method to provide generic functiadmanl ity t .
when applied to di f(fkahklnit eate dagir.aaphiiCtli3gon tt eox t
ar élarsi que morphol ogy, their appearance can V
These complexities and ambi gmoidsa lpetsi minz edde pfrad rv
one | ocation underperform in other | ocations
guestionses wkat extent can the diversity of ¢
city and across <cities? aMrsef emo dteol so tcfareorm cointei
generalized indusselet¢r dmtreca? || fcigo,| motwhiwe |l phaoe
we explaeowmed Imewhods that all ow for scal abl e
freely avall abdeopedapgpeonbpati al



1.4. Research objectives

The main objective of this thesis is to d
met hods for mapping deprived areas across
machi ne | esarpnpilnige dmoodne If r eteill 1 aavmd | @dth&e] gn€lbes p
proposedut®oemamit ed processing olpasionuitwas sdevel

all owing for replication by other researcher

To achieve this obopkjceéctvieyvedsfhlenaeide | b e evin n g e

1. Analyze the spatial morphology of deprived areas within a single city and
across cities.
To buil d scal abl e and transferabl e met |
mor phol ogy of deprivedohljreatsi vies addjrud srseeds. t

charteri zi Agnd hien bdwinvrea si ty of deprived areas

2. Assess the ability of SentineR to map deprived areas over large areas.

Traditionally, image classificati-on has 1
objective, we diverge from spectral based i
spati al patterns. We wutili ze conotsesx tcuiatli eosr att
a | arg€orstcax teu a l features can identify spatd.i
addition to the spectral patterns.

3. Assess the ability of geospatial data to map deprived areas over large

spatial area.



Remote sensingguaihldyg tmpomgmamte soci oecon
are relevant for sevebpécsita&ehbhdereseamncth:t
geospati al data such as popul ation to iden
systematic apprpaobedo dadiovdrexcd @aaspati al d

capture the socioeconomic di mension of depri

4. Assess the ability of a combination of Sentiné? and geospatial data to map
deprived areas over large areas.
Deprived area mappingsk®obirecasdcveb eombi aa .
the EO data and socioeconomic data to take

confusi on.

1.5. Case studies

The research was condSiahardan nAftrhirceae: cActcire
Lagos, Ni ger i KeaFgidg uNaeiTieldie¢ ci ti es were sele
have | arge populations |iving in deprived coc
t hat are visible through satellite I magery.
recent suearsg re complex and diverse urban f
for mpdeHRiiggAcer a. @ahd Lagos are coastal citie
The selected cities are part of the | DEAMAP
loc al groups and provides access to | ocal K n

Lastl vy, al | three citiessduwurvee ag eva dpea tairalayd a

To capt ucruer btame diinvterrasi ty of deprived ar e

scalability of methods, the study wuses a r ec



city andamerair eas. The ROI goes beyond the ¢
using three gl obal dat asets: the GNoaogh alPohhume
Urban Building Footprints, and GADM Gl obal

Gl obal Human Settl ement Urban Centers and Wo
t hen merge the GADM administrative eboundary
identified buiklm barfdeae.r HKisnaldldye,d a f1 t he ur ba
500k or a O0O.5km buffer is added if the wurban
and the ROI used for the stmdgtape 8hednt bnc
t he urban ext elnhto mesroen2 @& 4 ¢arhieb ecdh oiince of ROI a
comprehensive analysis of t e banbdmntiabape

deprived areas.



Figure 1.1 Study area consisting of three Sataran cities 1) Accra, Ghana, 2) Lagos, Nigeria

and 3)Nairobi, Kenya

A [ Region of interest

10



Figure 1.2Diversity of deprived areas both intra and across cities

Accra

Lagos

Nairobi

Source: Esri, Maxar, Earthstar Geographics, and the
GIS User Community

1.5.1. Accra
Accra is a coastal city in West Africa an
hub and the most densely populppreax icmatyeliyn 4
million people living in an @Q3,a 2o8aAL)5d O0a nsdg u
unpl anned urbanization has | ed to a housing
in the emergence of sl uym 3ad4r% aosf irne stihdee nctist yi.n
which covers an area of 173.2 squdarAeMAKi | omet
& HabitatDe@RmilMeéd areas are commonly referre
slums in Accra are,AQlbdo gbhd dasrha .e Jhaxrde sNi onvan I

Accra has expanuwrebdant oa rienacsli usdbecshp eaisia IT earae a, A

11



Do me, Kasoa, Nasawan, Berekuso, and Aburi. T

kil ometers that cadvewrsbhbédotareéehe. core city an
1.5.2. Lagos

Lagos is a port city | ocated on the coast
with 22% of the | and areas coveredhibryd swaotfer .

the city's residents IS$ve peel adwawyt hanpoweretry
deprived(Bandiotsi e.nh sladpr,i e0dl 88r eas i n Lagos a
squatters, which are temporary dwellings 1inh
residenti al ar ealsutt hrmdt adiel apied atreodvd eElx amp | e
Lagos include Makoko, Agege, and Ajegunle. T
i nadequate economic growt h, l ack of infrast:H
of 5638 squarei Killormedrertshamwhtiteh main Lagos
covering 3,345 square kilometers. This all o\

core aunrdbapnerdepri ved areas.

1.5.3. Nairobi
Nairobi, situated in Eastelrm Wéasica,tial
established as a col oni al rail way settl emeni

with Kibera being one of the most prominent

refer to these deprived uarsea Apadpg oixnfmartmdly LHd

city's residents |Iive in deprived |iving co
overcrowding, inadequate sanitation facilit:i
heal t hcar e, educaha onmhosaenrd ROIle amf waQ @®6 . squar

beyond the administrative area covering 695

12



comprehensive analysis of t we banbdmntiabape

Nairobi's deprived areas.

1.6. Methodological preferences

Th e t hesi s does not contain a speci fic

met hodol ogy, but each individual chapter pro
t hat wer e used. Chapter 2 starts wi t h Vis
chraacteristics of deprived areas in multiopl:
categorize deprived areas into types used fo

3 uses contextual f e&t uroe snaexridecage@dit eed dfdr cus eSe
opesmurce geospati al data from various sour C¢
on chapter 3 and 4 by combining both datas
determine the strength of each Adantud t s et e pvh
modebhppgoach was used in Chapter nmb,ded ianngd, 4.
city modeelangg finally a generalized model . W

features and ranked them in order of i mport a

1.7. Outline of thesis

Chapt®utlines the scope of the thesis. It de:
gap, specifies the objectives to be addresse
ChaptExpRores i mage visual i nterprwlttaitploen t o
cities over | arge areas.

Chaptd&rssdss the scalability and transferabi
contextual featur ed iemdagas.t elhd romaBteanrt | endep |

13



machine | earning cl| asassi ffioerr sl atrog emaapr edaesp rai nvde

i mportance.

Chapt®Bhi ds:chapter exgglcomesnitchea nus e no/fi rsocnanem t

features to map deprived areas.

Chapté&hi §8: chapter explores modelinguadr ban d

features and geospati al data using machine |

Chaptbraws conclusions of the research per e

contributions and future research directions

14



Chapter 2: Spatial Morphology Of Deprived Areas

2.1 Introduction
Unpl anned wurbanization and the | mpact 0
proliferation of depndvevd ddbmas CoWmititroests L o

Nations, ThCXxCka)depri ved areas have emerged d

and sl|lotwr untfurae devel opment by | ocal authori
Geospati al data required for effective pla
unavailable, and coll ecteKuffheral sil @20B¢; vaho

Kuffer, etTherefaonep)identifying the |l ocatio

enabl e stakeholders to make informed deci si o

Deprived areas are a significgnrtoveadmpone
| owost housing and a sour c(eBadmaosheeatp ldna.b,or 2 G
Nigeria, for instance, more t((hhmbl ,7020helis)er es i
areas exhibit di stinct Sspattorad Ppudh easnsgeaod
social, economic, and political mechani sms.
enhance the | iving conditions of deprived ar
such as '"where(Kufivéeyr, Pi&kaisd. i uBashseenn't2 Gal 6 )y , '
refers to their | ocation, '"what' refers to t

t hat occur over ti me.

One way of providing i nformati on on de
observatian EBO)Scdatnti st s have developed v
characterized deprived areas, including vis

anal ys-ast osmmamed machine | d&urifreg, ®&hefdeep K

15
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16; Mababior u, CetEOaldat a2@h®) provide | ocal.
t her dirlkasded proximaget o support | ocal pol
weveryeaa Ilrbeview of EO methods concluded
ntlexkoawledge on the morphdKadyeof 8Bepfifel
i uzas,ReEMert) studies have shown that the ¢
mogenous but rather compl exKrgdfofb ad;tl yala.n,d
ubenb°ck et al.,. 20C8ns&guongnekty.ala,de0Dai3l) e
th taedi-mbhkama di versity of deprived areas

alable and transferable met hods.

Unfortunately, rondfy sat udime st ehda vneu mbneve st i g
deprived areas. Mor phol ogy refers t o t
ighbor hood, i ncluding aspects such as its
ienffatbenb®°ck atalpkted (BO1B8Mprphol ogy of (
ri ous cities aWanug d&td BEgd cwosreldd ,onwha Isei ngl e
udies discovered that the morphol ogy of de
ot prints t oacdteereirsntiinces tonfe dcehparri ved ar eas,
aeri al vi ew and -loevweerll oiokfso rcnmautciioanl tghraotu n
mprehend the comp(lBaud yetofald:-b,pnZl/leCd)a b neasc
buil di i mdit egi &led ,ght , and drainage el e
formation that i s critical for resilient
formati on is typically gathered from fi el
veragglef SGoeet Vi ew cianhaeg easp pel ni acbal treasg @ sa rgter ¢

e ¢glreowenld phot ographs of an3o6alrega eameptasred b
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Il n this study, we examine t heandd viemrtsart y

ur ban sl dwe anal yzing their physical appear an.
as well -lassvedr oiumfdor mati on obtW%aewed mdgeesn GA
standardi zed protocol for defining deprived
i mpakrtcharacterizati on. Using a visual i mag €
identify and characterize these areas i n an

2.2. Methodology

2.2.1. Morphological features

Uhderstanding the wurban fabric of depri
devel oping a scalable and traonsfgrabfewappud
have been conducted on deprived areas morph
coll eagues was to categorize deprncvlieuddianrge as
infancy, consol i da(tSloinu z aasn de thaaMe.v,e d2 OsGt da)ig®e s a p
is challenging to apply globally due to the
Ot her researchers have usedeteme | mMdrigmetesasleeassgy o0
et (20l lks)ed t he density, building size, and se
areas tdreopm i wveeTa udbreenabs @K liBjcladded buil ding or
height, and heter Eglhin e 2tOyladly f n ¢ FBé&bsjeald tl erarg<e.
Analysis (OBl A) added building type, access
and neighborhood risk. However, this method
cruciaklH egedbundformati orcompathernsd ntelte s samypl
deprivdBaadead.Falr. i n2@@ph@xaded deprived ar ea

deprived in imagery due to the physical apr

17



Gr ot nredv el data such as taiidHiti ngamatemraianasge b

provi de additional i nformati on t hat i s croi
intervention. Al t hough this information 1is
availability and i ncr eeats i\ige w oivnea gaagsee aonfa bG cec
applications.

Wi t h consultation from slum experts anec
ontol ogi cal framewor k wa s devel oped to en:
characteristics were gr oaspedautiTnatioole ef h2enele br o
characteristics considered both the settl eme

wer e observabl e t hrough Googl e -sptercedti c Vi ¢

O
>
Q
—

acteristics i ncl uded hreoogfh,t baunidl ds inge .ma\
considered building tydpéeachedgehaamad ymodloarelse d

Access net wor k characteristics f ocused on

nei ghborhood, as well as tiha&mars ewdi dcthharaarcd eaar
including neighborhood opportunities such a:
and environment al ri sks, such as swamp and

consi stent and uwrbb aars edht d mahetre rainada i nt r a

18



Table 2.1 Ontological framework

Group Characteristics

Building and Settlement Floor, Roof and building material.
Roof color

Building height

Size

arrangement and orientation
Building type

Percent of vegetation

=8 =4 =8 =4 -8 -89

Access Network Type ofnetwork present

1
i Paved or unpaved
i Width

1

Locationbased characteristic Location characteristics such as closeness to waterbc

swamp, wetlands, major roads, railways, industries, waste

2.2.2.  Visual image interpretation
There are several met hods f or character.i
i mage i nter pBaesteadt ilomma,g eObAneaclty si s( K®OMWBIl iA) e ta nal .

2019; Kraff et al .Vi 20&210;i ntagqheg ient arp raest2d1t2i39

tone, texture, shape, pattern, and rel ati ons
can be accurat e, it is |l abor intensive and |
l evel i nformation. However, pbbtai @edngndood ]

canncetasthkaynsf erred to d¢Klhohéddl i geogaphi 2OdB6 d

deep | earning can be scal able but often nee
avail able at the scal exemde chaddsr athac ema g nd @ praigw
have | ed to open geospatial data such as the

can be used for ur(bTaanu bneonrbp’hcokl oegty aaln.a,| y2sOi 1s8 ;

However, due to tlad @aoampmlse x itthieese alfatdche preitw
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depri veHi gaurreeas2nsl sni ppet of deprived areas
Google open building dataset. Exampl es such

errors in depoitvegdveraasomptede picture buil

Figure 2.1 Example of Google Building footprint in Lagos, Nigeria (screenshot in February 2023).

(Source: Google Open Buildin&irko et al., 2021))

[ ] confidence >= 0.7
1 0.65 <= confidence < 0.7

F'] 0.6 <= confidence < 0.65

| S

Despite bienngampva@dboh, visual i mage inter
characterizing deprived areas. |t all ows the
and the integration of | ocal contextual know

ot}

met hods tehlayt onel O sdbdt a. To I mpl ement this

Google Earth I magery and Google Street Vi e
framework to ensure a standardized protocol
coverage of Goiomgd gge sSta wait| avoileew on Googl e E:

included the threeFctgaseesRudy areas shown in
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Figure 2.2 Coverage of Google Streetview of the study ¢iieseenshot on February 2023)

2.3. Results

The result shows tohabte dheeptreirvoegde naeroeuass atnedn d
and -umbama di ver sit y23 2a84nd.hBoawsne di no nF itghuer elsi t er :
vi sual i mage interpretation by slum experts,
Tabl gi 2eh t ylpeisr achesd¢r i ption. While some defy
map using EO data only, ot hers wil/l requir

appear ande plriikweednamr eas, making it difficuldt
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Table 2.2 Deprivedrea types

Type

Description

Unstructured Large
Structured Large
Unstructured small

Unstructured mix

Pocket slum

Irregular and haphazard development with large roofs. Usually poot
sheet, multfamily house type. Concrete wall material

Organized development withlarge roof. Usually poor iron sheet, mul
family house type. Concrete material

Irregular and haphazard development vattmall roof. Usually, poor iror
sheets that cover detached houses. Iron sheet and wood material
Irregular and haphazard development withix of large and small. Usually
mix of multi-family, detached and sesdetacked house types. Mix o
concrete, iron sheet and wood material

Irregular and haphazard development withy small typs. Often temporal
in nature. Iron sheet and wood material.
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Figure 2.3 Accra deprived area types. Left is Google Satellite Image, and right is yoagarred

by Google Street View (February 2023).

Structured Large

Unstructured
Large

Unstructured

Unstructured Mix

Pocket Slum
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Figure 2.4 Lagos deprived area types. Left is Google Satellite Image, and right isyrcagteired

by Google Street View (February 2023).

Structured Large

Unstructured
Large

Unstructured

Unstructured Mix

Pocket Slum

2 4



Figure 2.5 Nairobi deprived area types. Left is Google Sagellitage, and right is imaggr

captured by Google Street View (February 2023).

Unstructured
Unstructured Mix Unstructured Structured Large

Pocket Slum
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Structured large: Deprived areas with planned settlement patterns. From above,
these areas appear to be wu@prived areas, as their settlement spatial patterns are
similar. These areas are likely to be missed byta€ed methods because their spatial
and spectral patterase similar. Typically, these areas are considered deprived as they
lack basic needs and may face multiple deprivation problems such as poor water and
sanitation, floodingandno electricity. These types of areas may not be recognized by
city authoritiesas these areas appear to be well structured.

Unstructured large types These areas could be slums, informal settlements or in
some cases, old towns that existed before city planning started. They are usually multi
family houses with concrete building magéds. They tend to have poor iron sheet
roofs, and some level of social amenities such as electricity, water. They tend to be
slightly difficult to be detected by EO methods.

Unstructured small: This is what is often described as typical slieighborhods

They have small roofs made of poor iron shestsldetacked houses with wood and

iron sheet material. The spatial pattern is mixed andstémdhave significant
morphological differences from nadeprived areas. These types of areas are generally
easer to detect by E@ased methods.

Unstructured mix: These are irregular in shape with a haphazard mix of large and
small roofs. These can be detected using EO methods, but not as well as the
unstructured small, because these areas can look similar striatareas.

Pocket slum:These are small slum areas that are often only there for a short period

of time. The short time of these areas is due to them ofieg beicted as they are
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small and may be found in higher incomeghborhoodsr industrial agas. They are
easy to detect by EO but require very higpatial resolution imagery.
Taken together, this suggs#hat the scalable and transferable methods for deprived

area mapping need to integrate these dynamics to perform well.

2.4. Conclusion

The study provides details on the divers
analyzing their physical appe¥irewmciema cher so.u gbBy
devel oping a standardi zed pr ot cacadle,r itzlee tshtewsc
areas i n an objective manner, revealing that
have high -unban dndersitg. The identificatio
areas provides a valuabl edf davegkampla bi er ahudr
transferable met hods. It can also help in j
complex issues faced by these communities.
EGbhased methods in idewtidf aprergscermphmst gp ag
scal able and transferable methods that 1inte
effectively address wurban poverty. Overall,
compl ex nature of ndepdrifvedi ameasataned fberoa

chall enges faced by these communities.

27



Chapter 3: Contextual Features and Machine Learning

3.1. Introduction

More than half of -8hAhavabaAfriesadleintes im
(Nations UWUniAddi,t i201a81l9y , panhdee mMC@VIhDas f urt he
poverty and i nedWaliitteide N adDierpans sv ef0rai0cega s ar e
defined as urban spaces that | ack physical a
are poowdeé saster, and are characterized by p
(Abascal et al ., 2021;. TMams oo o u iktarhibesani mt S
Africa have |l imited capacity to deal with wut
l eading to increasing socioeconomic dispar.i:t

the popUhmatednNations, 2020a)

To empower and enable development practi
and services for the MmostpoplbgolabhicoBiempie st

granul ar statistics (oAsidemnrDewvwdl aprednte aBeaen ke

i nformational reqguirements ar e i mportant 1
Organi zations, | ocaGovgonenemmeanht sQr gamd z &Ntoino 1
successfully conduct programs to support the
comprehensive assessment of the |l ocation ai

accurate planning and mhaaag®aneadtuabn Hbofweiveea |, d

have reliabl e and trienseollyutsipoant inmaalp sd aotna uarnbda nh i

Moni toring and tracking the progress of
Traditional met hods of depsi aed/ arebhoesé¢lh onlad

that Pprehcbdsti ve and rarelBuckeadetct @bles a2 Marl
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surveys cost hundreds of thousands of doll a
every five years), and censuses are even mo
surveys tend to be | imited both spatkilagl lowtan
of date i n GeogtgalnMIsCset al ., 2022)

l nnovation in remote sensing (RS) presen
devel opment purposes. RS data can provide r|
(Burke &et. allpeyv2@21)high spati al resol utior
granul arity. They are |l ess <costly compared
researchers have used RS to identify deprive
of the wurban ear\wiireorere pfr Karh fsa rn,g R feesfuflers, & S
Lilford et al ., 2019; MaMabphopl cCgiodgdalor ahare:
including building density, irregular street
r oo fermaatl , and irregular orientation which c
(Azar et al ., 2013; Sandborn & Engstrom, 201

Despite widbhgedtddpedvBRE area mapping,
uni ver sablley aapporl d adalo ntsm nd a tKeu f.f eTrr,a deitt- iaod n.a, | 2p0
based classification approaches are not suit
spectral diversity and compl-xsedripmad®gaynalf
(B1A) has received much attendbiasedi ©OBi1 Ahe hha:
|l ow transferability of rules and i(rKdbihdator s
et al ., M@oégvyer, OBI A performs wel Bbe®n Very
However, it i's not suitabl d Gropphaege attr ea
Contextual or textual features have the pot
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of urban environments as theytemamsiidenanfwyr |
environChearot et. aRes e arOc2hleer s have explored va
such dsvgedegcuor r e n(cku fnfaetrr,i xPf ef f er,, aSildi uz anse,
support regions to exts@CGtasypxadr aétOpatkerer 2§
approaches, such as deep | earning model s, ha
and abstract (bl ack box), making them diffi

policymakers and of ttean wheiqgcuhi riessManifoereen.atl raaci kriOnt

Il n this study, we focused on contextual
Contextual features analysis is the wuse of
variability ¢éRamont @i0t)Tghlevyalaurees deri ved i nfo
to the spatial patterns, orientation, struc
(Graesser et al ., .20h2;y Metpareisreante tt hael .s,t a2 0 X
di fferemtmalgevdleataufregsebuetdgasphdowerns, pixel
f or m-l reiveh i mage textures, and the raw spect

pixels or 606€Ehgbbet habds 2021; Engstrom et al

Nelwouse, et al ., 20109; Her sh et al . | 2021; S

Fi gllsdhows exampl es of context+«aleSfeeat ur e:

features have been used to map deprived ar e:

on VHR data and oMDyguwe eet sanlal | 20Fr=3;s Engs!
Engstrom, Newhouse, et al ., 20M®&mveKit aetr exle.n
study has indicated that wusing these featur e
road, and population characteristics wusing

countries from Latin AmeritanelSo@hdaAai aal ajy
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202Al)t hough contextual features perform well
study areas have explored their performance
remai ns uncertain regarding their scal abi | |

t rsafnerabil ity for wuniversal application.

Figure 3.1 Examples of contextual features extracted from Serlinel

Fourier Gabor Histogram of Oriented Lacunarity Local Binary Pattern
Gradients Moments

S SN

(3 A
| : ﬂa : §
o G
-

-

Normalized Difference
Vegetation Index

Line Support Regions Mean Pantex Structural Feature Sets

Approachesarfear alpapaigeati ons o f mappi ng
uncertayeaear Ardwbvi ew ofclb@edcdetthads theme i s r
contextual knowl edge on the M&uphelpgpPfeffd
Sliuzas,Red0elrBt) studies have shown that the <c
homogenous but radrmerevempwietx(hkgmaofdfadeltrygdle. ,ci
Taubenb°ck et al . ,. Z0I8 ;e xVdampg eet Laelo.n,i t2a0 2a3n)d
a failure to map slums in a (laegri Ba eat malpp,
Owusu (t)ddlcovered thawurdhbuoumsahaaei onsr avit hi

affecting model performance when not concept
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were pointed out by Aj ami and coll eagues, wtk
variomt in deprived areas using (\VMeraymiHiegth aRe.:
2019)Therefor e, a detailed undebanawddiveg soty

deprived areas is needed to be able to devel

Exi sting noefttheond sonhlayvebeen tested and deve
l ocati on, and there is |imited information
Il n order to map deprived areas on multiple
need t o akhd et.r aimrsafnesrf er abi |l ity means the capat
functionality to map deprive@dKamleiaset naldi f f
Stark & Wur B nRe2mpst previous approaches w

rultesseto differentiate-dbptiveed depabsvdad amc

transferability( Maahsaby at, tCa ol.¢ oQnaes t oefd tahle. , ma:
hurdles when mapping deprived areas is that
glbal |l y and no -upowmedsesfi hytiagneedhe mor phol oc¢
across space and the spatial resolution of

compl exities and ambiguities may mabkti deratur

but they may wunderperform in other | ocation
needs to be tested to determine i f gl obal e
i magery.

A major reason for | imitedalitluidtiyeshan bBe
cost of imagery. More than fifty percent of

50cm spati &dIG- megolktt awHR i 2n0ayyfe)so hairbel td ovset opt

for Researcher s, NGOs , andal Goov enfront mesnuti st aobfl eL N
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area applications due to data and computatic
observed t hat VHR reduces cl assi fliecveetli on g
compl exities at (Waeg.,seKtuftkeaelnt, Ré2eQuwiedR)e r , t he
applicability of usi-hg(X0mel gs alvati il amb)l ei Ba
European Space Agency (ESA), rwelsiealh chaemrd. bd mar

of the globe can be o0dtali e esdc eenvee rcyo Voe rdsa yas .| &S

k nfi el d eonf) , making it suitable for scalabl e
Googl e Eart hf rEeneg immoes,aicclsoucdover i ng | arge ar ea
on thé¢ Gprebe ck. et al ., 2017)

This paper examines how conteXtwardn Heat u

used to map deprived areas over | arge areas
i ntarnad -umb&am | andscape of deprizeegped verasags al |
for evalwuating the model s performance in |
model s t hat integrated these deprived type
indi vi dualangmadels,trained i ni dgeeetsuirttoy datoh etrr
citared a generali zed modedafwhoem ealwe tchoembd intei
proposed approach has the goal of mapping de
consistent manner. This addptwsd dootri anmo udfi nckep
area maps for LMICs. We specifically address

1 To what extehcan the diversity of deprived areas be mapped in a single city and
across cities using contextual features extracted from Seftim@d machine
learning?

1 Are models from one city able to transfer to other cities?
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1 Can a generalized model for all citiesdveated? If so, how well does this work?

3.2. Materials and methods

The road map of the metFhiogdu@leolgly. sutsa&rdt 9§ sw
preprocessing of raw i mages, contextual feat
model devel opment, reso|l ptodumctdiepmi okedhiagl a
i mportant features are analyzed tbedabéemine

met hods.

Figure 32 Road map of methodology

Machine learning
Modelling and
classification

Data collection, extraction
and aggregation

Analysis of
important features

- Sentinel-download

- Cloud and cloud
shadow processing,

- Extraction of
contextual features

Five classifiers

- Hyper parameter - Ranking the best
tuning features for each city
Model evaluation

Sentinel-2 and Contextual

features Map Top ranked features

3.2.1. Imagery collection and processing

This study extract ed2 fsouurrf abceen drse fflreccrh aSiere
Gr een, Red, and Near I nfrared (NIR9tuwmdy 10m s
ar elalse s e da tpar oweerses epdr,e i ncl uding radiometric
to surfaceGaect¢odecenn@eoud 2c00lvie)r i s a big 1 ss
cities. Therefore, we <carried out cl oud and

Engine (GEE) with its (e®&drneliienk. etodael e di2®X 3
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Clouds and cloud shadoiwn Ssd eppelpttioaessumnmne

First, the cloud filter percentage for the s
for the maximum i mage c¢loud percent-2 all owed
cloud probabilitycdatcdvatdswasi nged tpoothatbe l

cloud shadows were detected by defining a
refl ectance of NIR pixels using a shadow ¢t
threshold is consiadaw.d Aa bpdtfeerrt iwaals ctlhoeund asd
and cloud shadows t oi ddeinltaitfei etdh eo bg degcess . o fL acs |t
clouds and cl oud shadows eaen i irxefdlsa ovd tthh eam dveit
dates (Caldl prad=tdnet par ameters used -foeeeach
i mages with the date ranges select-tdebecaus

i mage at the time of the study.

Table 3.1Parameter for processing clodftee SentineR images on Google Eartngine

Cities Start date End date Cloud Cloud Cloud Buffer
filter probability shadow (m)
(%) threshold (%) threshold
(%)
Accra 202111-14 2021312-23 30 85 0.5 90
Lagos 20211220 202201-23 60 65 0.8 100
Nairobi 202201-03 202201-14 60 50 0.15 50

3.2.2. Contextual feature extraction

Contextual features were calculated using an eqmemce python package SpFeas on
the cloudfree SentineR mosaics. Eleven contextual features were calculated, including:
Fourier Transform, Gabor, Histogram of Oriented Gzath (HOG), Lacunarity, Linear

Binary Pattern Moments (LBPM), Line Support Regions (LSR), Mean, the Normalized
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Difference Vegetation Index (NDVI), Oriented FAST and Rotated Brief (ORB), Pantex,
and Structural Feature Sets (SFS) describedable 3.2.Featires are extracted by
comparing central pixels with their neighbors (windows) and reporting the value back to
the central pixel, in this study, the 10m scalda.Varying window sizes were used to
calculate contextual features for neighborhoods of pig@hsao et al., 2021; Engstrom,
Newhouse, et al., 2017; Hersh et al., 202¥indow sizes of 3, 5, and 10 pixels were used,
thus capturing the varying morphology of the area at 30m, 50m, and 70m scales. Because
the eleven contextual features have a rarfgeutputs, and the three different windows
were investigated in this study, a total of 144 metrics were calculated and used for
classification, as shown iRigure 3.3. This methodology is similar, and a more detailed
explanation can be found in Chao et28121(Chao et al., 2021)fhe 10m spatial output

of the contextual features was aggregated to 100m using the mean, stieviktidn,and
coefficient variation for each of the 144 metrics. This produced a total of 432 features for
modeling. We acknowtige that information on deprived areas carpblical, and any
misuse can threaten poor communiti€sffer et al., 2018)Therefore,lie choice of 100m

was due to the privacy and ethical reasoorot pocket slums which are at high risk of

eviction(Owusu et al., 2021)
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Table 3.2Description of contextual features

Na me

Description

Fourier transform
Gabor
Histogram of Oriented Gradient (HOG)
Lacunarity
Local Binary Patterns Moments (LBPM)
Line Support Regions
Mean
NIR

Detect low and higfrequency in lines

A linear local filter is used for edge detection.
Describes the orientation and magnitude of shapes
Define holes and gaps in texture

Define contiguous regions of pixel groups

The mean brightness of each band, red, green, blut

Normalized Difference Vegetation Index NDVI is an index that describes the difference

(NDVI)

vegetation cover
Oriented FAST and Rotated Brief (ORB) Select points for image matching

Pantex
Structural Feature Sets (SFS)

between visible red antkarinfrared reflectance of

Describes buitup presence index
Extracts structural features of direction lines

Sour(dHer sh et al

2021)

Figure 33 Contextual feature. A) Multiple scale and block B) Metrics extracted

A
&) Block and Pixel size = 10m
B) Scale size 3 = 30m
C) Scale size 5 = 50m
D) Scale size 7 = 70m
D
3.2.3. Model Development

3.2.3.1. Collection and preparation of training and testing sample data

Ref erence dat a

Il nternational ,
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col | eTcatbilognr. 2 s&@nts an overview of the referel
prepgrithe training dataset. The sources did
deprived areas. The ambiguity in the definit
chall enge in Earth (®ob$éevateitonal Cqog mn2uwnli8t;y Li |
MahagbiCroitoruandetslaum ,ma2ppli8ny)g i n general . Tt

used as a guide to create training samples f

framework to ensure consistency in sample |
compar abl e.onlUcse pntgs tbhye svei scu a | i nterpretation
the reference data, we created traTablng dat a
2. 1.

Table 3.3 Source of reference data

City Country  Source

Nairobi Kenya Slum Dweller Internabnal - Explore Our Data Slum Dwellers
International (sdinet.org)
Ron Mahabir, Peggy Agouris, Anthony Stefanidis, Arie Croitoru, and
Andrew T. Crooks datasetsitHub - jkkersey/NairobiMombasaMapping
Data
Frontier Development Lab
httpsi/frontierdevelopmentlab.github.io/informaéttlements/

Lagos Nigeria IDEAMAPS Community Survey
Slum Dweller International Explore Our Data Slum Dwellers
International (sdinet.org)
Frontier Development Lab
https://frontierdevelopmentlab.github.io/inforrsdttlements/

Accra Ghana IDEAMAPS Community Survey
Slum Dweller International Explore Our Data Slum Dwellers
International (sdinet.org)

Nodeprived area | abel s wer e extracted
interpretation of Geeglrda vseat alrleiatse i mad eundaep .v
budulpt i ndustrial, service, and commerci al ar
i hhe sample datasets, eFsipgeuctieal3l.y4 i n Lagos, @
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https://sdinet.org/explore-our-data/
https://sdinet.org/explore-our-data/
https://github.com/jkkersey/Nairobi-Mombasa-Mapping-Data
https://github.com/jkkersey/Nairobi-Mombasa-Mapping-Data
https://frontierdevelopmentlab.github.io/informal-settlements/
https://sdinet.org/explore-our-data/
https://sdinet.org/explore-our-data/
https://frontierdevelopmentlab.github.io/informal-settlements/
https://sdinet.org/explore-our-data/
https://sdinet.org/explore-our-data/

Figure 34 Imbalance label distribution

LAGOS ACCRA NAIROBI

\ 4

Data Points: 3318 | Features: 436 Data Points: 2216 | Features: 436 Data Points: 1306 | Features: 436

. Built-up - Deprived

48.3%

3.2.3.2. Modeling

Amul tistep modeling approach wasnperforr
individual cities, and t hheeilrp sp etrof oarsnsaenscse owar:
map deprived areas over these | arge urban ar

then run and tested with data from another ¢
model s between cimpiles. fThoimrd,l Itrthirriengidsaces
for training and then evaluated in each city

a generalized model that could work for al/|l

The sample data were spl KFoildt oE®H0duWPO0 Kt r &
is a cross validation techniqgue that takes
(Oj ala & GarWhiglag t©2WdO0data is split into treé
groups appear once ifnoltche, termswnritreg tt lsaett taltce
not overlap in the train/test set . This pr

generalizes well on unseen dat a. For traini
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split i nto 80: 20ndf ovraldrdeadtiiomg stertasi.niPirge pa o cC €
anal ysis were conducted prior to modeling. T

values, multicollinearity, and standardi zat.i

The study expdtoircend nmeetalhcudse tscelcebt ain a r e
most discriminant and informative features.
feature and ranks them b(aGheed eotn. alhien a2 0dli FsEcrr e
are noupmgnmwereaasel ecti on methods for our prc
al g o riinuhtnusa | i nformation, random forest <cl as
boosting, XGBoost, and AdaBoost were invest:i

i s desdab3dbedd iTnhe top 25 ranked features wer

Table 3.4 Feature selection algorithm and description

Methods Description

Mutual Information Classifier A filter-based method that statistically measures mu
dependence between two variables to quantify the amou
information one variable can extract from another varia
Calculates entropy value for each of the independent varii
with respect tohe dependent variable and selects the ¢
which have the most information gain. Results range from
1 (Vergara & Estévez, 2015)

Random Forest Classifier In an ensemble of weak decision trees, the important featu
is computed using the avem Gini impurity decrease from &
decision treegMenze et al., 2009)

Logistic Regression Calculates the Odds Ratio (OR), i.e., the increase in
probability of an event happening based on the feaidds
can range (Harie,202) t o + b

Gradient Boosting Classifier Ranks the features based on the total reduction of the
impurity averaged over all decision trees that include the fee
(Thomas, 2019)

XGBoost Classifier Calculates feature importance as the decrease in node img
which is based on average information gain across all <
containing the featurgChen & Guestrin, 2016)

AdaBsoot Classifier Computes feature importance as the (normalized) -
redudion of the criterion brought by that feature. It is a
known as the Gini importangélastie et al., 2009)
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For machine | earning modeling, we tested
Random Forest, Gradient Boosbshg, Thegestal gsr
are known for providing high quBuquyg eesalt
201T7gbl de8cbi bes the algorithms wused. It was
iterative process. Hyperparameter tuning usi

parameters for the model
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Table 3.5Modelingalgorithms and description

Modeling Algorithms  Description

Multi-Layer In a feedforward neural network, the data is transmitted from the

Perceptron (MLP) layer to the output layer in the forward direction. The connect
between the layers arssigned weights. The weight of a connect
specifies its importance. Backpropagation technique is appliec
sending errors back through the network, to readjust the we
automatically so that, eventually, the error between the actual
expected oytut is minimizedVergara & Estévez, 2015)

Random Forest Builds an ensemble of decision
method. The general idea of thagging methods that a combination o
learning models increases the overall result. Random forest t
multiple decision trees and merges them together to get a more ac
and stable predictiofThomas, 2019)

Gradient Boosting A boostingalgorithm that combines weak learners to convert into a st
learner in an iterative way. It relies on the intuition that the best pos
next model, when combined with previous models, minimizes the o\
prediction error. Each successive model mftts to correct for the
shortcomings of the combined boosted ensemble of all previous mc

Logistic Regression A predictive analytic technique that is based on the concept of proba
Logistic Regression is used to predict the likelihood of agoaieal
dependent variable. It utilizes a cost function, which is known as
ASigmoid functiondo or Al ogi st
features and the likelihood of a specific outcdidarris, 2021)

XGBoost A decisiontreebased ensemblmachine learning algorithm that uses
gradient boostingramework. It works in a parallelized form and is
optimized version of the gradient kstimg algorithm. Parallelizing th
whole boosting process hugely improves the training time. Inste:
training the best possible model on the data (like in traditional meth
it trains multiple models on various subsets of the training datase
then votes for the besperforming mode(Chen & Guestrin, 2016)

3.2.3.3. Error analysis

Bot h quantitative and qualitative error
includes presdccrion, ameomded.r, d EFApersfecrsman anod den
how accurately the classifier performs on t
used due to the skewness of our training d:

mi sl eadi ng.
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https://builtin.com/data-science/tour-top-10-algorithms-machine-learning-newbies
https://en.wikipedia.org/wiki/Gradient_boosting

Precision measures the artelaraebi i et ¢ ctodd.d
measures how efficiently the ML model retri
score is the harmonic mean between precision
mean (aka unwei ghted mealngds so.f TrFhle skclo rsecso rcea | rc
model perf or mamkdeg whe nd mb a&kls elegpr i ved score f

har monic mean of only the deprived cl ass.

Qualitative error analysis includes a vi

t he RQ@le hyam. Gener atikdoma@Gso gvleed eSatvelrll iat e

visually inspected to assess model perfor ma
appears to generally reflect what is on the
do novahiadgati on data. It also provides insig
predict and what areas the model predicts as

3.3. Results

3.3.1. Individual city classification

To answer the reseprtch mapsdepmi,vedheanmndbas
we tested several model s as a function of th
city. The r gsulftoy mofngt mo dleeé st usi ng al l feat
from the feapuesedalbdcebie@oat laerde resul ts of al

ApperBdildd. Hyperparameters for the optimized

presented 3i.n5 Appeande xal , using all features
compar ed 2tso ftelada utreps . The top 25 features re
except for Lagos, which has a wide gap in te
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all features provided the best results for A

MLP was -pbefbeming model with an F1 score of

The feature selection methods show the v
ranking of the features suggested fentthe ma
results with respect to the feature selectio
classifieffabhsi8hbéwnr itro Geor Gaaonpganaaoasd, cGl il p§

Vanhuysse, Lennert, (301 &)3nrie, | Kpludgifre@au ,urets 3

performance of machine | earning classificati

Whil e Accra and Nairobi achieved relatiyv
and top 25 subset features struggled in Lag:c¢
mape due to the increased complexities of m:

its htughainntdryanami cs and many deprived parts

Table 3.6 Best performing models on individual cities.

Model Model Featuresset/ Feature Precision Recall F1 F1
City selection method Deprived Macro
Accra XGBoost  All 0.91 0.94 0.93 0.95
XGBoost 25 (XGBoost) 0.93 0.93 0.93 0.95
Lagos MLP All 0.79 0.53 0.63 0.78
MLP 25 (Logistics 0.67 042 051 0.72

regression)
Nairobi  XGBoost  All 0.94 0.91 0.92 0.93

Gradient 25 (Mutual 0.90 091  0.90 0.90
Boosting  information)

3.3.2.  City to city transfer learning

The next step was to take the models trained from one city and test them on the other
two cities to determine the transferability of predictive abilities to other ciedsle 3.7

shows the results of all features and top 25 features. Blobdeied on Accralatawere
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able to obtain a high deprived F1 score 81% and 74% for Nairobi for all features and top

25 features, respectively. However, the model performed poorly in Lagos défrived

F1 score of 33% and 35% for all feature and tipe2d features, respectively.

Surprisingly, the model trained on Nairobi data performed poorly in Accra with a

deprived F1 score of 67%and 59% for all and top 25 features, respectively. This indicates

that models are sensitive to geographical morpholodyrgout features. The model trained

with Lagos data did not perform well in both Accra and Nairobi for all features and the top

25 features.

Table 3.7 Model performance on city transfer learning

Model Cit Test City Model Feature Set Precision Recall F1 F1
Deprived Macro
Accra Lagos  XGBoost All 0.25 050 0233 0.57
Nairobi XGBoost All 0.91 0.74 081 0.84
Lagos  XGBoost 25 (XGBoost) (.26 052 035 0.58
Nairobi XGBoost 25 (XGBoost) (.90 062 074 0.78
Lagos  Accra  MLP All 0.31 0.08 0.13 0. 49
Nairobi ~MLP All 0.86 0.08 0.14 0.42
Accra MLP 25 (Logistics 0.22 003 006 0.45
regression) ’ ’ ’ ’
Nairobi MLP 25 (Logistics r 0.94 009 0.17 0.43
egression) ' ’ ' )
Nairobi  Accra XGBoost All 0.50 099 067 0.73
Lagos ~ XGBoost All 0.27 0.73  0.39 0.56
Accra XGBoost 25 (Mutual
information) 0.42 0.97 059 0.65
Lagos  XGBoost 25 (Mutual 0.95 068 037 054
information) ' ) ) )
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3.3.3. Generalized model

Finally, a generalized model which took training data frdhthree cities was tested.

This was done to determine if training the model using information from all the cities can
facilitate the model to learn from a variety of variables to depict deprived areas in different
geographic regiondVe observed that metlaccuracy reduced compared to the individual
city models.The besiperforming model was the MLP classifier for both all features and
the top 25 features. Hyperparameters for optimized performance in this model are
presented in appends6. The top 25 fatures achieved the best results for Accra, with F1
deprived of 86% but not for Nairobi (F1 of 57%) and Lagos (F1 of 35%). The deprived F1
score for Lagos actually improved from 63% (using only Lagos training data) to 68%, as
shown in Table 3.8. Howeverhd F1 scores achieved for Accra and Nairobi using all
features were still relatively strong, with values of 78% and 74%, respectively. The
deprived F1 score was low for Lagos and Nairobi using the top 25 features. This indicates

that more features tend perform well for the generalized model.

Table 3.8Generalized model performance

City Model Feature Set Precision Recall F1Deprived F1 Macro
A MLP All
e 0.95 0.66 0.78 0.86
MLP 25 (Logistic
regression) ~ 0-92 080 086 0.91
L MLP All
2908 0.60 0.79 0.68 0.80
MLP 25 (Logistic
regression) ~ 0-33 038 035 0.61
Nairobi ~ MLP All
airop! 0.98 0.60 0.74 0.79
MLP 25 (Logistic
0.96 0.41 0.57 0.67

regression)
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3.4. Qualitative assessment

The qualitative assessment focused on th
achieved the best resBhsesmapsiweg Viheudloloywl ien
predicted maps to asfegasxeh@i gegeabitgagkt he 3o
three cities missed pocket slums. Pocket sl u
by tempor al structures with a high risk of

(Owusu &et. aMo.d,el Z020e)re abl get o deéprecvtedstiypet

except for Lagos. However, we observed overp
areas parthsoslhe i nner city of Accra and Nairc
were able to detect unsMaedictypesd, | ahge Lagd
overpredicted the inner city as deprived. I
packed, werseleponvVedednaall the <cities. Gen
mor phol ogi cal characteniyegpti cs as the unstruc

We al so observedcshpeditfyi.c linsdwmegoos, the m
in identifying well established deprived ar e

confusion between deapurpi vaerde aasn.d Ihni gN\haliyr odbein,s e I

evicted sl udreiprreedas Tehss sndms hel pf ul to monito
Neverthel ess, there was a confusion between
that t heofl arge@usgtorif al areas, which are homog

Il n Ghana,etnteerag waserprediction of deprived ¢
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Figure 35 Prediction outcome of the deprived areas. The red color represents detected deprived

area
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3.4.1. Importance of Each of the Contextual Features

Figurpr @sénts the rtiovppd25 rfoemattihree sbedsda perf or

city. The results indicate that each <city
classification. Fourier in Accr a, SFS in La
contextual fesbures tonsedehabilyy For Nairob
features are NDVI and Gabor. This indicate:c
i mportant for mapping deprived areas in thi:

di fferent feeatnurtehse tthoapt 205eri ncl udi ng Fouri er
or b, and NDVI . Lagos also has a | arge range
Fourier, Gabor and HOG. This indicates that

i nformati esh reqmap the deprived areas for a
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unique variability of deprived areas acros:
approach incorporates a range of different f

evem a range of cities.

Mor eover, we oOoObserved that the scale of
al | three cities. Accra and Nairobi have | ow
70m for most of tfhreoinr tihnmepsdrefsinsmoddecalw s r elsat t

of scale can i mpact model performance.

49



Figure 36 Top 25 contextual features of each city with the best performing model
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3.5. Discussion

In this study, we have presented an app
contextual features extra€@Qtadnaff®om prepbyged
approach wutilizes contextual features and as
mul tiple cities and over | arge graebhgoattamso
We first trained models using individual dat
Secondly, we used the model trained in one
Lastly, we developed a generaigi datdtambdem astl
and examined for scalability and transferabi

The morphol ogy of deprived areas tends t
and intra urban diversity. Models were abl e
ty pse n al | cities. The inclusion structured |
model s overpredict most high dense resident.
similar mor phol ogncllusicihmratt samsics éexro®hempc
reduce thiOn ¢ dhref wdnlaedn. Waempd, ved types al so t
wi t h dense mar ket areas. One way to hel p
OpenStreet Map data on markets to alelnoowieng hes

for greater accuracy and relevant results.

Il n the individual cities, model s perfor
indicates that deprived areas can be mapped
deprived areas ovelry |awvaiel adbrlecass auseilng t fer edea
accuracy. The advantage of the 100m resol u

information to capture deprived areas at a s
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400) and just a&armebpeewtd 02 5ni fnega tf leraga urfer sel ect i «
map deprived areas with relatively good acc
very c¢l ose to all features, i ndicating the
comparabl @ mr bauoul tcso.ncBusi ons wer e mad e by (
(Georganos, Grippa, Vanhuysse,. LEm@aepadossiShi Im
of using fewer features reduces computati on
model s tonbeécoowsrtainenmp wt ers with | ow specific

mo st LMI Cs t hat have resource constraints an

The model performance in Lagos was not ac¢

This may be dueencoe tdhaet al i(mietsesd trheafnerl % of t h

the city, the difficulty in modeling such a
(slums built over water). There are many mi
making it hdepritwedc larsesasf yusing only context
i mprove models in Lagos should focus on acaqgl
geospati al data as input s, and i mproving o
devel opmemda aoniittyh.i nFar exampl e, we hasasgume t he

strong correlation with depri ved Jaeraena se td uael .t

2016 )Al so, proximity to waterways and wetl anc
ardeand to be | ocated in close proximity to

We investigated the ability to transfer
general, the model st hlec @M amiorto bdio mwed | ewhceerpet tfl

F1 score was spke%tamnwdek!l 4%, Three ot her model s eit

tested between other cAtcesa. mbdel eraampkeeedt
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precision of 28% and a high recall of 70 %, [
findi ngshaitndiocogatseonte cities there may be sim
t hat may be related to urban morphol ogy. Ho

patterns of deprived areas that are transfer

The resul tsi zoefd tnmoed eg e nier at er ms of acec
compared to the individual city model s. Sin
Buenos Aires, Medel I i n,r-annddeRediefse,motripeh od iof
affected the gPueualilzedlRRiMddywyads al so observe
selection results where each <city has a un
classification. For exampl e, NDVI was an i mg
and Accr a. Raeogratrhd | neostsi,n gi tt hiast o-met eresspasi avl
resolution, Sentinel 2 data are among the be
mapping that have bEe®thamlotetd aln. t h2020;t eVYartn

et, ak016)

Anot her focus the study tackled was the
provide a ranking of the iIimportant feature
selection methods as a function of amachi ne

i mportant features that provide the best acc

the selection of an appropriate method is cr
model s in terms of accuracy.i hnoe ohepeesat
features, they are very promising. Not only

of featur esspaduwtadtel sbetheatures was distinctd.i
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the i mportant featurwhiles  Ascalaewe0m®m foar scad

that no one method and spatial scale fits al

One thing that went across the model sb6 pe

(Lagos in parttiwudar)r amslf edrhel eannamecgedwas t |
and insufficient training and validation da
should be incorporated for deprived areas t
classification model s. Using aubmedéeedr mndei

the feature asnedas Bbsoebehfaoarther reduced to

overfitting and prediction accuracy on unsee

ot her geospati al dat a, e X twri anadtoiwn gs i czief, f eare n
augmentation can i mprove model resul ts. Ot he
footpr iOptSh ddaem, ( OSM) , ni ght4dli ghtns,t hamsd s3 eundt)

focused on using relativedal sfneaadtlursepsata nad owi
wi ndows may i mprove results. Data augmentat:i
to enlarge training datasets and make model s
statistical pr operttail e so.r Tvheirst iicrad | Ud e sp sh oorfi zic
contrast a(nyd berti gahlF.n,e ax01ly9) neur al net wor ks a
model s should explore deep |l earning algorittk
satellite wimdgfeasci IThit st eoestabl i shing a stro

and -dneopnr i ved areas with their relevant geogr

3.6. Conclusions
The results presented in this study i1indic
for i demretpirfyiengareas at | arge areas and tra
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proposed approach reld-2si mang &g emd kyi mgv aii tl apd =
over | arge spatial areas and gl oballze. This
this freely available data to experiment wi
approach considers the diversity of deprived

such asounmudda itraining data andf sckeeapsriitvesd ttyy

Whil e our models performed wel/l i n individu
90%, they underperformed on the generalized
in each city. Results indliaradaes t hagpeaeei avli ll y |
and structured | arge deprived types. It is w

highly vulnerable to eviction (pocket sl ums)

areas can | ead tioonunwavnetne dt hsotuigghmatthiez amto d e | r
are not perfect, the results are promising a
i mproving the training dat a, and the model s,
case, -ttohteen, ugpl obal and comparable model s of
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Chapter 4: Open Geospatial Data And Machine Learning

4.1. Introduction

Cities worldwidel atedf abahbengésgrof high

l ocali zed i mpact emoncdmircdJtnertieshiasNgad | Mast 202
cities-amec rhiomddme countries have | i1 mited ce¢
probl ems | eadingcbonomhcrdaspagi sbeso The Wor
nearly 574 millibae pbeophg wel bwsthé poverty
action is (tVveokkdnd bBya nXOh3e®® @2ppopl e often | ive |
| ack basic services, and househseskdaasgsast syuch

fl ood zvoulense raanbdl e t (©Bicd d mat ealchanz@l17)

The overall goal of the United Nations S
no one behind. ThereforeGovatemeatabn®l gang:
and Local Gover mmeen tisn froeegnaitrieo na daeébgpopwut t he gr

the most vulnerable segments of the popul at/|
socioeconomic characteristics such as access
such as dwirladi hgtmatoédr bals. These informatio
devel opment practiti ameargse ttea isdentailf yasan d tpalr
interventions (Dodmadueée¢ pvhernytdl8p help to

assesgsvimg condition of the poor segment of

|l nf ormati on on deprived areas +i+asndgener al
Mi ddlneome ecoshomgedat &Exare often outdated o
Nati onal |l evel whi ch maakregse tietd |{ehstsk eunseesftuil a htsc

2022, Kuffer Tor el broa@l&8purces of data on d
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househwowled shpaseadl|l dappi ng, (abnid froerndo.teelC esaelsnuss n2g0
and/ or household surveys provide socioecononm
They are expensive to produce at a weyul ar f
maki ngprohtcbsti vandnmmidd mée oefcBunrokme eest al ., 2
They are often available at an aggregated sc
di fficult to identify the gkttgseapdhimappoaoaagt i
primarily conduct edvoirnkwantghal bcal pabmmynmanes
settl(eYrrmdmmtah et Aal .exa2mpd le) i s Maep mMampeKiahema dj
It provides detailedal-beaeaklxhwsiemal | nH arantt e
of the area. Similar to census and/ or househ
have | ow temporal granularity. Remote sensi
characteristiscEngbtdemrieteadal are@2015;. Kuffer,
They aetficoisdnt c o mpmea retdi otnoe dt hmee t flma s e Re mo-

maj or pitfald/l i's that i(tMaih@amadarrestsamdi.qge 2QAOnMdGn

The advent toifalopeat ajeprsosaent s new opportu
area mapping and account fo¢Mahablrmetaal on
2020)Open geospati al data is public or priv,;
guaranteesssfrtee daata without [ D0 eheotuai tsi o& or
Sedkaou.i ,Thel0sle6 )sour ces of data are increasin
to open data initiatives by Governments, NGO
and WomplraoRomgree shoilgut i on geospati al data on pc
gl ob@%tlgvens et al ., 2015;. TOomepbpnge®&bpdai a

includes urban heat i sl andsKkufQpeen Sttr eaelt.Ma p2 0
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et 2a011.9,; Thomson, .RhPodiant erte satl . d at2a 2f0hom Open
be used for creating accessibility features
that they guarantee free access all owihrey for
of fer an alternative or compl ementary sourc
areas both physically and socially. They can
area conditions by adding equal imyssimppritmant
remot e -bsasredi nfjgkwuh é ¢s , Pfeffer, & Sliuzas, 20

2018; Mahabi.r et al ., 2016a)

The use of geospati al data for deprived
(Chakraborty Mdpeadnser2dlledt)e to data quality,
varying spatial @HdrtempoetnlafresoRO02ilpnMahahb
For exampl e, a recent study shows that the
tends to endleungt Kufdnad et Caolnseq2@a22) vy, very
have combined multiple socioeconomic indica
mai nly wuse sat(elulfifteee ,i Pdedd e(fsee& Sl iuzas, 2
al ., f?2018) more detailed review). One notabl e
Mahabir and coll eagues. They combined mul't

deprived aftdMababnrKeAgaurQOtsheretr easle ar c20elr8s) h ¢

reot e sensing (€mdg sdegrmsnys Neathao use, et al ., 20
et al ., 2017; . Welekwevet, athes@0adagproaches ar
areas where spatial census dat da cacteoeendt oav ai

met hods for consistently preparing geospati a
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The

t ha

4.2.

dep

I n this work, we proposed an approach t

spati al data and machine | earnindgpodWe pro
l uding systematic ways to collect and prc
these features into a machine | earning n
over | arge areas, and idestifVyhe het uey at
three cities, Accr a, Ghana, Lagos, Ni ger
eriencing rapid urban growth with a | arge
y were selected as paerctt oafn da ne xoinsgtoiinngg |IoDlcE

t are providing us with |l ocal context kno
as are described in section 1.5. The main
We conceptualized deprived areas that alleadelingwith open geospatial data.

We developed an innovative and consistent feature creation method for processing
open geospatial data with varying spatial and temporal resolution and making them
ready for machine learningodeling.

We assess the performance of the model by testingvog@egraphic regions with
unique morphological characteristics. This testing method allows measuring more
realistically how models performed on unseen data.

We investigate the importance of features used in the model. This allows us to know

which featuresre needed as we aim to map deprived areas globally.

Material and methods

The study consi stsFiodufeu#inain weepoenc¢s

rived areas by establishing the operati ol
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develnsp sdent and -csryesatteinoant inte tfheoadtsu rfeor pr oces

data from di fferent sources with varying spa

get datasets of features ready forarmaodgl ing.
model to predict deprived areas, and | astly,
of features used in the model

Figure 4.1 Study main steps

. Machine ,
- . Data Collection : Analysis of
Conceptualizing deprived learning .
and Features . important
areas . Modelling and
creation e . features
classification
) - Data collection - Three ML classifiers
Operation definition . .
Mabping scale Data processing - Optimize models - Rank best features
pping Data integration - Evaluate Model

4.2.1. Conceptualizing deprived areas and mapping scale

The chall enge of gl elmasl smappgisngvidfh dedriinv
definitions and rel atedsedntepmunabi agyi ars.
Ainfor mal settl ementso. These terms are con

definitions and ar e knoorwns ebvye radail f freeraesnotn sl oscuac

cont ext, buil ding materi(aMesr,oda rmd eitn Faola.s,t r 2@
example, Zongo in Ghana, Favelas in Rio De

in Nairobi. The UN Habihoauts echeofl idn ewsh i sclhu misa cak:
foll ecavéd mgss to water, i mproved sanitation, d

and tenu(fW@WNabrcuat it yRWel 0s)l um househedlads edef i ni f
ri sks such as adr ilnaec,k folfo osdo criiaslk sa meanni t i es t

nei ghbeffseo®t her associated problems are tha
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as every country has(Ltbf owd ,ewafnadhiitti @Osl BVfi

critasi kéendoctaen bhdaed connotation for (frigmani za

et al., 2020; Thomson, Kuffer, et al., 2020)
Due to the conceptual complexities of sl
of O6deprived aread. For atrheias dsetfuidnyi,t iwoen abdyo pTtt

coll eagues blhaedd oma@mmi(ndgh eaapsprngackhuf f er , et
Depraveds are defined as an urban space tha
unpl anned urbani zati o, i d sclhparoamcet etro zdd s g/t
substandard I|living conditions. This concept
buil ding size, shape, access networks and f|
such as crime |l evelenecgwyernagesaf toolsichowad St ¢
infrastructur e. 't i s more straightforward,

comparison across <cities. sThel stusactof careqpep

framewor k and cr @ athend dled s enlgi ne i nf or mat
Urban envimsoiodhte hi € r aochi cal patterns anc
spati al and tempor al continuum. The <choice
Addi tional, deprived area mapping is a soCi (
consequ@ewec®yg e2t0 2dllh.ec slotcurmal di mensi on needs

as the mapping prevbudtd areeci ss®d ithhada dealct

| nformati on on deprived areas can be polit
commun(ikufefser, &t L&®MNsi dering ethics, we deci
resolution as our mapping scal e. 100m mappit
deprived areas while omitting po(Cckeftf erl uants
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al ., 20k8; aOwygiRiO21)s i mportant as we aim t

availabl e.

4.2.2. Data Sources and Feature creation

4.2.2.1. Data
Data were coll ected f r4lm pwaorviioduess sdoeu rac € ss.

sources used for thiasatasatwhkhygt S8Bereésyaswpr oryg

and socioeconomic indicators. Physical dat a
building density, | and surface temperatur e,
Veget ati on | ndex ( NDovuln)d,walpamealn du srei/ glotvteir me gl
Socioeconomic data includes population and
interest data such as markets, education, an

4.2.2.2. Feature creation

Feature creation i s proceadynfgoi nus € aitor &
| earning model . 1t involves data ccorlilteecrtiiaon,
were used to select geospati al data to be in

1. Must cover the region of interest
2. Must be spatial data either vectwr raster

3. Must be as fine a spatial resolution as possible, usually 100m or finer

e

Temporal resolution must be as close as possible.

5. Must be available for all three cities.

Geospati al data were obtained from diffe

spati al and tempor al resolutions which incr

6 2



consistency and integration of data, we pr ot

fonmt used by Worl dPop. Worl dPop 100m grid i s

all ows data integration. Raster datasets wer
For vector dat a, we wused aggregation (e.
met h(oed.sg. , di stance measure) to process vec!H

density measurements were used for data pro
di stance to the point, l ine, or polygon. Co
density metaBBereoumntvs diey Fti lgeu redr ®das2otf h ¢ hwee cted

and their corresponding measur e. I n total, w

Figure 4.2 Feature creation method for vector data

£
b Resample to 100m
4 — resolution
-3
- Dense Polygon Densit
o Buildings —_— ensity measure
w
Sparse polyline ized and @
lid di Rasterized an
Rivers and Primary roads — Euc 'n_le::su:_setance resampled to —_— m
o 100m resolution m’
.-
Sparse Point of Interest
- B Euclidean distance
Government office, Place of measure

© Worship, Financial service, Schools

Density lines and points — =——3 Density and count

measure
v Secondary roads, road

= intersections
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4.2.3. Machine learning model development

4.2.3.1. Training data preparation
Ref erence data was prepared prior to mod
from sever al sources. The sources do not sha

guide to creamedeslainWae) elss efdora dthiesnalappnbachpr g

|l ocal expert knowledge to manually digitize
out by experts to ensure agreement. The vi
consistency in temporfMal | &lmwmsdsn dtehse osfa mpnipeu td ifseta

for each city.

Table 4.1 Reference data distribution

Cities Accra Lagos Nairobi
Deprived 1739 481 1311
Non deprived 5085 599 2657
Total 6824 1080 3968

4.2.3.2. Machine learning modeling

Most deprived ar ea-cneangpbiunggu eh aest bad en n2odle/l

et al. ,Mea@&dri8ng several algorithms are tested
new devel opments have shown that nmmasc hbiunte | e a
al so on training dat a, i nput features, and

(Georganos, Grippa, VanhuysseCobemnwmert ngShin
opted -tentdiat aapgremach.c A pgoa tofaocchu si si swhge rvee nt
optimizing training data and input features

to ensure quality input data rather than fid

6 4



We experimented with several input featur
trai mpng s$sSa an iterative process. Two input
used for the subsequent model i ng. The first
processed and the second set are features
exppratory analysis by experts hence <call ed

features werdep2rldvi Appeami xverview of wuser de

Three machine | earning al gor iitRmmsdower e u:¢
ForeBman & Pav, oMy b®®Orl O Poepretscaun Bal as, et
and Extreme GradientChBaoo &t iGuge s {RabBdoons2td) 1o )e s
requires the definition of number of trees (
cosn dered at each node s plHirti.e nRda nyd canm df o reensdts i
high accuracy i (0Bel gssgi &i ODatligar®,atn2&hkadh)d]l e | ¢

di mensionality and deaalerwiPter cepd whmd ti irse gar a M

network that transmits from inpuUutvVelrgypemrm t&o
Est®vez, | 20iLS5)relatively simple to use with
data sets. XGBoost is a guieaeeéedy zfi mgceiromrap@r

capture cuompli eixFdmatatnealnt, MRasO 1pr ovewdthe pr ovi «
art results on neamdy icsl assusiitfa bclaet i(fddr otrhapsnkds s ,n g
Grippa, VanhStlyismeni Le&.AWoawfjft,i o2n0all8 )boosti ng a
computationally sl ow aanrde ao fntaepnp innogt. sXud Btoaobslte
the gap. They are efficient @a€@6Henmn| &x GhkestfoD
2016)T hee yr ealra t-fi rvied ryd luys,err equi re few parameter

of i mportance, and haMer eha wgehr ,peideuya hbadroen acc
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computationally fasti ;armakimag piisnngsuiMoatlll e pfao |

opmiized using Bayesian optimizati on.

The study -buasseeodd e b p pgg.daicdh i s where model in

are created hiins iampegpge atcihl eéss. bel i eved to bette
model , especially whes doal itregtwintgh & malk hes
approach is that the use of a random train

close proximity (6&6i whereet Catwvasqgaéadathegd not
the true per fdeerl maomc eu nesfe etnhedamea. To do t hi s,

patches.

A mul modéebBppgwashused. First, model s wer e
individual citiesmoBetbhagdgmwds!| ai sityatonediimg
t sstpyedictability on another city. This hel
other <cities. Lastl vy, a generalized model w

cities were combined and used for ®Dwaining
ability to map across the city 1 f we have tr

the training, validambdebhppdotesesng split f

Table 4.2 Train, validation, and test split

Model Training (%) Validation (%) Testing (%)
Individual city 60 10 30
City to city City A City A CityBorC

80 20 100
Generalized Combine city A, B anc Combine city A, B anc Separate City A, B, ani
model C C C

60 10

30

6 6



4.2.4. Model interpretation and important features

The study investigated which features are
to the model . This wild/l hel p determine whic
gl obal deprived area mapping. The study wuse

f euartes and analyzing their relative contribu
how often a randomly chosen sample from the

if it were randomly | abeled acchhg@Brneg maon t he
& Pavlov,|l t201®9 been used in several machi ne

(Georganos, Gri ppa, Vanhuysse, LehnheptoviSthe:s

better precise estimations with | ow model as
4.3. Results

In the results section, we first present
patch set, then a visual assessment of best
anadtyhz i mportant features and howsthey aff ec

4.3.1. Quantitative model performance

4.3.1.1. Individual city

The study first trains a model for each
4. 3 provides theeprieceMae@ama fFfdercadadc h Fcli ty, mc
f eat uorne tsheetste é RtF chatha eved the best classifi
except fdrheelllagbesat immrdesprmovdeed .i s Fglener al ly hi
Nairobi with over 72%. Lagos achieved the |

perfor maomsemay lhegdue to the widespread soci
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the city. Mo s t part of the city of Lagos i
infrastructur e. I't worth noting that- the o0VeEe
def i nteudr efseahas | ittle difference in terms of

i nput feature can also achieve a considerabl

6 8



Table 4.3 Metrics for Individual model

City Input feature  Model Precision Recall F1Deprived F1
set Macro
Accra  All RF 0.68 0.88 0.77 0.74
MLP 0.64 0.92 0.75 0.70
XGBoost 0.79 0.47 0.59 0.73
Userdefined RF 0.71 0.84 0.77 0.78
MLP 0.67 0.76 0.71 0.78
XGBoost 0.78 0.59 0.67 0.62
Lagos All RF 0.80 0.51 0.62 0.72
MLP 0.84 0.53 0.65 0.72
XGBoost 0.81 0.33 0.47 0.62
Userdefined RF 0.45 0.80 0.86 0.71
MLP 0.57 0.80 0.67 0.72
XGBoost 1 0.53 0.70 0.78
Nairobi  All RF 0.81 0.64 0.72 0.78
MLP 0.56 0.36 0.44 0.73
XGBoost 0.79 0.46 0.58 0.68
Userdefined RF 0.78 0.76 0.77 0.78
MLP 0.74 0.73 0.73 0.73
XGBoost 0.77 0.73 0.74 0.74

4.3.1.2. City to city model

In this step, we examined how a model tr
areas in other <cities. This allows us to de
other cities. Table 4.4 providesithe Essebts
for Nairobi to Lagos, models train in one <ci

city widépra vied score of over-d&f0i%ned Wee atbusre
achieved the highest F d e ptrhiavte du siinn ga |l glo otdh e
features dataset can help in | arge area map
predict deprived areas in Nairobiadhitewnmwed t h
the | owest F1 deprivedgesoré@hi(s7khhdwbaenes est
sensitive to physical and socioeconomic f e

understating of these features to i mprove mo
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Table 4.4 City to city model

City Testcity Input Model Precision Recall F1- F1
feature set Deprived  Macro
Accra  Lagos All RF 0.89 0.37 0.52 0.66
MLP 0.39 0.40 0.40 0.47
XGBoost 0.82 0.38 0.52 0.65
Lagos Userdefine RF 0.78 0.56 0.65 0.73
MLP 0.95 0.01 0.02 0.38
XGBoost 0.81 0.39 0.52 0.70
Nairobi All RF 0.80 0.48 0.60 0.76
MLP 0.81 0.01 0.02 0.40
XGBoost  0.69 0.58 0.63 0.72
Nairobi Userdefine RF 0.78 0.54 0.64 0.73
MLP 0.31 0.02 0.04 0.38
XGBoost 0.84 0.24 0.37 0.59
Lagos Accra All RF 0.52 0.53 0.52 0.69
MLP 0.40 0.64 0.50 0.64
XGBoost 0.46 0.87 0.61 0.70
Accra Userdefine RF 0.50 0.92 0.64 0.73
MLP 0.43 0.55 0.48 0.65
XGBoost 0.48 0.85 0.62 0.71
Nairobi All RF 0.78 0.48 0.59 0.71
MLP 0.39 0.62 0.48 0.62
XGBoost 0.73 0.63 0.68 0.75
Nairobi Userdefine RF 0.68 0.70 0.69 0.75
MLP 0.95 0.02 0.04 0.40
XGBoost 0.66 0.70 0.68 0.74
Nairobi Accra All RF 0.64 0.61 0.63 0.76
MLP 0.31 0.34 0.32 0.55
XGBoost  0.27 0.49 0.35 0.51
Accra Userdefine RF 0.44 0.87 0.59 0.68
MLP 0.30 0.61 0.40 0.53
XGBoost 0.36 0.17 0.23 0.53
Lagos All RF 0.73 0.07 0.13 0.43
MLP 0.34 0.02 0.09 0.37
XGBoost 0.50 0.24 0.33 0.51
Lagos Userdefine RF 0.60 0.25 0.35 0.54
MLP 0.43 0.87 0.57 0.42
XGBoost  0.52 0.07 0.13 0.43
4.3.1.3. Generalize model
For the generalized model, we used
model i hlgi s was done to experi ment
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from the different geographic regdperrsi.veldbl e
and-MBEtro scores for eachoaoal abei.f eVlecsend m@siehpu
that the generalized model has higher F1 derg
individual <city models for both user and all
Lagos with the highest F1 deganvied asso0ei otf €
the | imited training samples for Lagos <city

deprived indicates overprediction and vice Vv

Table 4.5 Metrics of Generalized model test dataset

Input feature  model Precision Recall F1-deprived F1 Macro
Accra All RF 0.77 0.84 0.80 0.89
MLP 0.50 0.58 0.54 0.74
XGBoost 0.84 0.24 0.37 0.59
Userdefine RF 0.81 0.86 0.84 0.91
MLP 0.67 0.70 0.69 0.82
XGBoost 0.78 0.48 0.59 0.71
Lagos All RF 0.42 0.99 0.59 0.63
MLP 0.47 0.65 0.54 0.67
XGBoost 0.49 0.88 0.63 0.72
Userdefine RF 0.43 0.96 0.59 0.64
MLP 0.47 0.88 0.61 0.71
XGBoost 0.42 0.91 0.58 0.64
Nairobi All RF 0.68 0.92 0.78 0.73
MLP 0.72 0.69 0.70 0.71
XGBoost 0.76 0.85 0.82 0.79
Userdefine RF 0.71 0.88 0.79 0.76
MLP 0.69 0.87 0.77 0.74
XGBoost 0.75 0.78 0.77 0.76

4.3.2. Qualitative Assessment using visual inspection

The qualitative assessment focused on t|
achieve the best results, and we aim for a s
machine | earning algorithms are capable of p
Probability of the measur e Mur dhrew,eT20bDd)cairn a
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a hard classificademprni wded ,d ewpa i fvibrd bhedt nohr es
to useudumighneshol d was | mpor teamrst tfhoart chlaavses icfl
i mbal ance as the default 0.5 split the resul
threshold for a city wusing the predicted pro
has a different threehdegrikhaed betahsrghtWapohs
threshol dwads edefror0. Accr aal awdt hbagebowdi Was
Nairobi. This could indicate that the model

compared to Accra and Lagos.

I n gpehe deprived preadscteddfpopo hélocertie

and -dilesfeirned using random -#p06fpst Tmosebvéspepred

more pronounced in Nairobi due to the | ess ¢
high dense residential and deprived areas co
To assess model -pebdmr chbmeesiony,i nwe avi suall

performance on the deprived typersed slear gcehap
deprived types were detected in Accra and Ne
pocket slums in all the three cities. Lagos

a mitxenopfor al, pet masaterautxet dirveeget ati on.

Tke model was able to differentiate bet we
This is an interesting finding as most studi

them since they have 6Emgsaromphgsi adl , apped?

Pavel esku, et al., MoiI®ovewustuhet malde|] @&d231h
areas in the suburbs. However, these areas \
uni que morphol ogi cal appearance compared to
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Table 4.6 Classification threshold

City Input feature set Threshold
Accra All 0.67
Userdefined 0.75
Lagos All 0.69
Userdefined 0.85
Nairobi All 0.57
Userdefined 0.55
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Figure 4.3 classification result of Accra. Top: Adatures Down: usedefine features.
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Figure 4.4 classification result of Lagos. Top: All features Down:-dedinel features.
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Figure 4.5 classification result of Nairobi. Top: All features Down: tbefinal features.
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Figure 4.6Prediction on derived types

Structured large Unstructured large Unstructured small Unstructured mix Pocket slum

Accra

Lagos

Nairobi

4.3.3. Important features and interpretability
We <calculated the Gini i mpurity to exam
contributions to the model, providing insig

featur es itgouroeust pdu.t7s.anFd 4.8 display 4 he top

performing models. The feature i mportance s
indicating a strong i mpact on the model ' s r
i mpacts PBiguraemd 4.8 show the individual Ci
respectivel y. Building density and count , N
across all cities for both individual and ge
gi veremnt fecores for every other feature. Thi

characteristics of deprived areas a<ross <ci

economic probl ems.
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The features of i mportance prove ded
transferability. We observed that the model
ities due to the uniqueness of each city.
but a | ow score for Lagos, pospmrnédiyctexdgd @mriinv
areas 1in Lagos

Figure 4.7 Individual city model features of importance
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Figure 4.8 Generalized model features of importance
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4.4, Discussion
In this study, we presented an approach
geospati al data and machine | earning. The r
potentially compl ement exi sting met hods. T

characpeovstdessa complete view of deprived
of existing earth observation methods. To tnh

to extend deprived area mapping to suburbs u

egeriencing rapid urban growth and wil/l be t
The proposed operational definition and
deprived areas in a consistent way. The use

datategration but al-rsess oplruotviiodne smadpest ad fl edle phrii

proposed approach for creating features al

i ncompl eteness, especially in the vector dat
oer | arge areas. From t he wvpirseudalc td sosne sosfmednety
areas in the main city ofHrbdthbht AonoraaanteNa
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with inherent errors in open g¢geosptauri ed dat

was popul ation datasets. A recent study has
underesti mate population indeepiiveddadreass a
et al., 2022)

Regarding the individual oti Ayldmbadals seth
features were close in terms of the F1 deriv
that the results were not much different ei!
achieve comparable rmouétesf maki egt t hRlI talppu @k
mo d e | did not achieve high results, it show
approach in mapping unsedrefgeaedr d phita rlesc atcil

hi ghest F1 depaiitvieas s ciomcaki cfaotri naglma dveel irred ev al

Model s were sensitive to the physical and
Therefore, a detailed sensitivity analysis
model i Algso, i nifcohr ni evast uorne swhwe shoul d conti nue

Using training samples from al/|l the citi
models. This is a new finding as studies us|

the | arge diver sichy coift yd eopordipvleeda gatreega st a nr eecau

accuracy. This was observed using contextual
al ., 2017) work. Therefore, the combination
reduced the complsiecattaandyep asskiapry gl obal ma p

Al t hough the proposed approach achieved
perspectives that need more devel opment. Mo ¢

city. It was ditfddtcaud tdd or ijwaeldjearn dag hien dtehe |
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actually reflective of what 1is happening on
to investigate these areas and gaurhbearn mor e
di versity osf wleprirveeqduiaareeamor e training dat a

both in the center city and in the suburbs.

Suburbs have uniquecwmotrphal oghzrrdctaadi SDI

detailed investigation. We ealss ernvdad ei n ntnheeg
very dense with | ess than 1% of vegetated ar
(bet wedn ek getati on) . Future works wild/ I nv

and develop more robust model s.

The studyataseswmebeathures were representa
because urban areas do not <change r&8pidly. T
years. While this is reasonable, we acknowl e
the modeméascper For exampl e, evicted sl ums we
noting that i nherent errors in open geospat

increases thmodelmphgexities of

45. Conclusion

The study has demondt rdaatt ead htalsa tt heep @ t gend 9
deprived areas. Open geospati al dat a, by de
people to reproduce the results. The combin
provides a broad wvioenw tdhfe deammitvedtanveag.eshl
the generalized models provided the best r e:s

capabl e of mapping deprived areas, i nherent
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model 6s per f orsmearnvcees. alsh eans tiurdiyt i al p-oi nt to
based methods that combine physical and soci

preocidoncept.
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Chapter 5: Combination of Contextual Features and Open Geospatial Data

5.1. Introduction

The UN estimates that around three Dbilli
conditions 1 f no action is taken by 2030. De
settl ement or precarious sett lde naesnste tlsa, c kd uardae
housing and often | ocated in hazardous area
LMICs have |l imited capacity to deal wi th u
i ncreasing socioeconomic di sepcaeddnteesd amumbi ehre
peofglUmi ted Nati Stlawenl R8PS a)are often charact
deprivations: (1) high poverty | evels and p
high environment al ri sk aredsgcasuchnds i hboot
mar gi naila.zp.t,i osl um areas are often not reco

pl anning or disast(eDodmeaem aate danle.s,s 20 o&)r a ms

Accurate and comprehensive measurements
i nposs for both research and policy. For examg
the progress of sustainable development goal
to alleviate poverty and climatematkenehahgki

ri sks). Unf or taamaa t Mil dyd ® emea nGo wmotwr i es (L MI Cs)

tdate detailed information on deprived area
Government and I nternational @rdga mitzeatvieonn itoo
Traditionally, measurement methods of depri\

t hat are prohibitively costl(Buake rarally ,c®

They cost hundreds of thoudandcoldfecdceld grags a
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five years). They are not scal abl e and have

Di strict or Nati onal | evel

The rapid growth of di gital technol ogy
mobil e phones amnvde spocoivaldededsnamfohdaitae foou
devel opment(alleapureg.osaBlis.g, d2a0tla6 )i s wused for mo
accurate policy making. Earth observation (E
in deriving timelandpati dlgK unfgff e@ra neatt igaalp.s, 20 2
Pfeffer, & . SlSiauzdd,i t20li6mages serve as a rel

identify slum communities based upon mor phol

(C. Abascal et al ., 2021; Lilford Hotwealer, 2
exi sBO nget hddeohsea et al ., )2mb8nl $t arckK |l etct
|l ocations and are |l ess useful i n characteri .

EGbhased studies represent the phygi call oplear a
flood (Kaurfdsr, Pfeffer, mi&ssSiniguzeagyalal6i) mpoc
compof®Mahabir et .al .Add2iOtlieoan al2l0y2,0 ) most exi st |
focus on the phyKobhI ehamact er2i@dtdi9c; sL iMlath a b d
Croitoru,, elti milt.i,n@®0dwBr) capacity to underst a
t er ms o f heal t h, natur al hazards, environrt
Understanding deprivationclyea&lks saklobowsenesé
inequalities in urban communities, t hus ence

poverty.

Opesnougeespati al data such as building d

and point of i nterestidapaoxiaes pofovudbasode
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shown in chapter 4, it has a potenti al t o m

compl eteness is often a |imitation for | arge
Motivated by these chall engesrawel oppban.t
deprivation characteristics in multiple cit

features extracted fRomnfdr ggecloys pav aial aldlag aSa

| earning techniques. Contextualr agat ames claa
mitigate some of the I imitations of open geo
aim of wudiimgenasinwmlatli approach is to reduce th

sour ces.

EO dat a onl vy captures ritdti cnsor pmio$ ign g a
i mportant socioeconomic dat a. VGI can provi
tempor al granul arity and compl eteness. Each
deprivation, whi ch i-pso ofromtshgeirT hiemted g ief, i ecd mib
data from these two data sources wil/ pr ov:!
deprivation charactbdrisedi ool megmadki hgr Thee
guest(@iioon deses a combinatiaond ofpeGomgtreestpaal al e
model performance? and (ii) which features

cities?

The main contribution of this study incl

1 Identify which features are important for deprived area mapping in multiple cities.
1 Providing insight into urban deprivation in multiple cities to assist in building

resilient communities.
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5.2. Methodology

The met hodol ogy consi stesdsoafs ttemragda cs tdeapsa. f
of cont ext ualp esfoeuagteuersepsa t a jpho ddedairady a(liuiat i ng
deprived areas in multiple cities and over |

assess which indicators are consistently i mp

5.2.1. Image processing and Contextual features
Freely avadRianbalgee sSee nddoowinl oaded and proces
Earth Engine. Details of image processing il

arien chapmp®eentZmmmges t hen used for contextual

Contextual dgee@ttuueatsuraese timat derive info
patterns, orientation, structure, and irregt
designed to take into account spatial struct
rel atged ysttroonn he urban | andscape and often per
El even contextual features were computed at
Gabor, Hi st ogram of Oriented Gradients (HO
Mo me (tLBP M) , Line Support Regions (LSR), Me
Vegetation I ndex (NDVI), Oriented FAST and R

Feature SetCha@EPSFkS) faliSemo2x0e21ldet ail ed expl ana
Cont exattwale sf evelae v esmpdtegs30m, 50m and 70m to
the spatial variability of the wurban fabric.
resolution features were then resampled to

Dé ailed information on contextual features |
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5.2.2. Open Geospatial data
Geospati al features are mainly physical
dat aset s, buil ding densi ty, | aMdr maltfaed t

Di fference Vegetati ccnroviemdexgr(oNDMIw)a,t elrarsctcoue

l ights and socioeconomic spatial data i1nclud
atl as, poi nt of I nterest dat ocesclerdaat mdle
resolution. Detailed information on the proc

5.2.3. Input features for modeling

Using exploratory data anal ys(iappaennddiexx pe
4.dnd 45 contwertadws {fdeddnoraas(Aipmpe nd.i XT be sle
features were used as they performed well or

tested the perfor maiitcoet 405 7 oi fnecamoudrieehsg)ngiln f eat

5.2.4. Machine learning development
The study -basndoddae bppaptgcohach. Thi s means t ha
are divided into patches (blocks). Training

identi fied ian | cohvaeepnttesraglr2a.t tehlkei $ denti fi ed depr.i

2) in training.

A mul ti sithnegp anpopdreolach was used. Model s wer
cities, f ol |l anvoedce Lt bays gceistsy tthoe csiptayt i al transfe
and | astly, a generalized model where sampl

Tabllehbws the training, valmadae hpmgeasndh t est i

Table 51 Train, validation and test split
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Model Training (%) Validation (%) Testing (%)

Individual city 60 10 30
City to city City A City A CityBorC
80 20 100
Generalized Combine city A, B anc Combine city A, B and Separate City A, B, and (
model C C 30
60 10
Modelwiarsg done wusing three machine | earni
Forest (RF), Multilayer Perceptron (MLP) and
tuned the parameters by grid search to i mpro

tonspect the best combination of model 6ds hyp

5.2.5. Modeling and evaluation

Bot h quantitative and qualitative eval uat
For quantitative assessment, we used the pr e
deprived focuses odrmr etchhesilbanr monndi o emesdsis of on
and F1 madrhoe ahsasrensosni ¢ mean of-deprhvebdectapsts
For qualitative assessment

, we used visual a

compared the prediction to the deprived type

5.3. Results

5.3.1. Quantitative assessment

5.3.1.1. Individual city model

Table 5.2 presents detailed results of ¢t}
set . Results indicate that all features and
al |l t he citiseswerTeheobltestn erde smi Iltalm dFélpr INwe d o b i

88



score 83% and 7-®éf ifroed afl @ atalird&sucsreaeapdctiiag®lk
model struggled to perfooim W8 %hf onodAdc Fd ardg
Lagos. Agaiim,vemrodelws paeiti si on for Accra and

of eopvedicting deprived cl ass.

We al so observed a wdiedper idviefifacarcenn drelr b éAtcw & ¢

and Lagos. This is because model-ggprtievnedded t c
cl asses. Each city has different best perfor
set, indicating that machine | earning cl assi

Table 5.2 individual city model

City Input Model Precision Recall F1- F1-Macro
feature set Deprived
Accra  All RF 0.48 0.58 0.52 0.73
MLP 0.42 0.70 0.52 0.72
XGBoost  0.64 0.41 0.50 0.73
Userdefined RF 0.49 0.92 0.58 0.76
MLP 0.43 0.64 0.51 0.72
XGBoost  0.68 0.42 0.52 0.74
Lagos All RF 0.42 0.99 0.59 0.67
MLP 0.55 0.66 0.60 0.74
XGBoost  0.51 0.97 0.67 0.75
Userdefined RF 0.45 0.99 0.62 0.71
MLP 0.41 0.97 0.58 0.67
XGBoost  0.43 0.99 0.60 0.68
Nairobi All RF 0.71 0.84 0.77 0.75
MLP 0.77 0.89 0.83 0.81
XGBoost  0.77 0.83 0.80 0.79
Userdefined RF 0.71 0.78 0.74 0.73
MLP 0.73 0.82 0.77 0.76
XGBoost  0.78 0.79 0.79 0.79
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5.3.1.2. City to city model

Tabl e 5.3 shows the resul't of model s buil

ot her <cities. Results show that the best F1
bet ween 51% to 72%. This indicates model so
geographic |l ocations with wunique <characteri:
detail, wethiewcenrda onuctd etlhapper f or med decently w

best F1 deprived score afef 6 8%d, a hrécasbpielbeys or
Similarly, shket diamgmeod dewadedt F1 deprived scor
and -duesfeirnedThleaag g emadel tends to have sl igh

mo d e |

The Accra model perfor med poeoprrliyv emh esnc arees
of 42% and 51%ddfoirndd | f @amtduruesse.r Correspondi |
performed relatively poorly when tested on A

for al dedndheudsdreat ur es .

The Lagos model Ipervilbemetde satcece pt ab Nai r o
deprived score of 7 2d% fa nnde dé 8 % aftourr easl.| Caonndv eurs
model struggled to predict deprived areas fo

moder at edeffioerdugrév’e dPl dep

|t can generally be said t hat t he Lago

complexities to allow it to better predict d
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Table 5.3 city to city model

City Testcity Input Model Precision Recall F1 F1
feature set Deprived  Macro
Accra  Lagos All RF 0.82 0.43 0.56 0.66
MLP 0.64 0.29 0.40 0.55
XGBoost  0.79 0.52 0.63 0.70
Lagos Userdefine RF 0.91 0.37 0.53 0.65
MLP - - - -
XGBoost 0.89 0.42 0.57 0.67
Nairobi All RF 0.87 0.28 0.42 0.61
MLP 0.29 0.05 0.08 0.41
XGBoost 0.81 0.21 0.34 0.56
Nairobi Userdefine RF 0.91 0.36 0.51 0.67
MLP - - - -
XGBoost 0.91 0.18 0.31 0.55
Lagos Accra All RF 0.67 0.37 0.48 0.68
MLP 0.25 0.84 0.39 0.35
XGBoost 0.55 0.82 0.66 0.76
Accra Userdefine RF 0.61 0.74 0.67 0.77
MLP - - - -
XGBoost 0.51 0.88 0.65 0.74
Nairobi All RF 0.62 0.1 0.1 0.39
MLP 0.38 0.77 0.51 0.42
XGBoost  0.73 0.70 0.72 0.77
Nairobi Userdefine RF 0.70 0.54 0.61 0.70
MLP 0.41 0.92 0.57 0.43
XGBoost 0.70 0.65 0.68 0.74
Nairobi Accra All RF 0.55 0.05 0.08 0.47
MLP 0.11 0.01 0.01 0.43
XGBoost  0.49 0.58 0.54 0.68
Accra Userdefine RF 0.72 0.56 0.63 0.77
MLP 0.40 0.62 0.48 0.63
XGBoost  0.92 0.07 0.14 0.50
Lagos All RF 0.40 0.02 0.03 0.36
MLP 0.25 0.01 0.02 0.35
XGBoost 0.82 0.28 0.42 0.58
Lagos Userdefine RF 0.81 0.58 0.67 0.73
MLP 0.74 0.51 0.60 0.67
XGBoost  0.80 0.24 0.37 0.55
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5.3.1.3. Generalized model
Usi hgaining data from all the cities, we

| earn variety of variables from diffeerent ci

results of the generalized model whteni tt est ec
i mproved the results for Accra and slightly
Similar to the individual city model s, w

deprived and F1 macro for Accra and Lagos,
nodeprived cl ass. For Nairobi, F1 deprived \

i mplies that the imoldeldepmsr ipeed oclmdeymr meddt i v

class. Al so, it could al so mean tyhnaatmitchse ger
of the cities in a single model
Il n general, XGBoost performed best in mo

mor e training daltha sf omays unteha nc Itahsasti fXiGebroso.st r ¢

data to make good predictions.
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Table 54 Generalized model

Input Model Precision Recall Fldeprived F1 Macro
feature
Accra All RF 0.53 0.56 0.55 0.75
MLP 0.50 0.46 0.48 0.71
XGBoost 0.69 0.49 0.57 0.77
Userdefine RF 0.51 0.71 0.59 0.77
MLP 0.45 0.73 0.56 0.75
XGBoost 0.62 0.53 0.57 0.76
Lagos All RF 0.42 0.91 0.57 0.67
MLP 0.44 0.88 0.58 0.69
XGBoost 0.49 0.97 0.65 0.74
Userdefine RF 0.43 0.91 0.58 0.68
MLP 0.44 0.99 0.61 0.69
XGBoost 0.48 0.94 0.63 0.73
Nairobi All RF 0.69 0.88 0.77 0.74
MLP 0.72 0.82 0.76 0.75
XGBoost 0.77 0.85 0.81 0.80
Userdefine RF 0.70 0.87 0.78 0.75
MLP 0.75 0.75 0.75 0.75
XGBoost 0.76 0.87 0.82 0.80

5.3.2. Qualitative assessment

The generalized model was used for mappit
interest. Afterwards, we Vvisually assessed
Basemap i magery. Il n general, deprived areas
firgau B5.13). Al though the quantitative metric
assessment was the poorest with sevAks al mi s
shown in Figure 5.4, the model did not perf

ot her using features separ afteedtyuraelish enmg Mmay el

aff etchhreedel 6s performance.
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Figure 5.1 classification result of Accraserdefinel features.
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Figure 5.2 classification result of Lagos. uskfinel features.
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Figure 5.3 classification result of Nairobi. usdefinal features.
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Figure 5.4 Prediction on derived types
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could explain why the Lagos model was able t

Lagos while theperfverme struggled to
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Figure 55 Important features for individual city model
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Figure 56 Importance features for generalized model
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5.4. Discussion and conclusion
In this research, we experimented with &
extracted -2r @amdSermpteinnegeospati al datasets t
combined features allow us to address the s
transferable mapping. Although the rgeunatnt i t at

compared to using the featdthrads tsep aroartbe Inye,d |
potentially compl ement each other to i mprov

data quality and completeness is a challenge

There was noersemgmne fbeawedrmfi Aibd ahdatusree s

scores. Thi s me ans t hat fewer features cCa
computational ti me. The transfer | earning e
the ability to mapianseefhgebcaggaghimodledc ava:
deprived areas with better accuracy in Accra

t he Accra and Nai r obihangoodse | du eu ntdeer tplee f oo mp t
characteristics ia Bhgwstha@ahelLagps206itgadsuma
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the socioeconomic features while the result:
of t Heattwa e datasets. This might explain why

Lagos.

The generlali mpdowmedemodel performance of
decrease fLoargasexaraed ntdo theTheddvieaénmedbke
the generalized and individual mod el i's not
advant age of t he combi ned feature set as
characteristics (alzuhg weer eadta padhoprtheax Cc3undasciyn g c o n -
featumMéde results show the possibility of glc

are required.

A major | imitation of the approach is the
set i ncreases compwitahi emal atviamécalsHb wd yeumlf
computing platforms such as Google Earth En

sandbox (e.g., Digital Earth Africa), there

The use of difference scalaefsf efcaredt hmeo dsdr
performance. Future work will use one featur

i mprnoovdee |l i ng.

The -disfeirned afleaseaedenn expert knowl edge

uncertainty. Experts mightedhaviEeumise eWomnk ew
a detailed and robust guantitative featur ec
di scriminant features as well as the number
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The study acknowl edgsesinhtehd edngptoasadt dtiHd
i ntroduced uncertaintiesceoamriohe maddl ;s Addi

and completeness in the open geospatial dat a
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Chapter 6: Conclusion

6.1. Main conclusion pe research objective

The main objective of this thesis iIs to
met hods for mapping deprived areas across mi
machine | earning model s appalli eddatoar2 afnrileoed eyn ta
achieve these objectives and answer the res
devel oped and |-2avtcoagtedi weamkfal swmi o map dep
and -spence data and toeks.th@&@hkeseychaptdengsul

' i mitations of the experiments, and provides

6.1.1. Conclusion of sub objective 1 (chapter 2) Morphology of Deprived Areas

In this sub objective, we apnrae syeznitnegd tah e
mor phol ogical <characteristics of deprived ar
deprived areas through aerial view and grour

deprived areas are heter ogseneyouasc rions sn actiutriee seé

within a single city. Despite the complex na
five broad types and discuss the I|Iikely <c¢cha
conceptualization i mpueéermheaourmappnadgpsaal e:
evaluate model s6 performance at a | arge ar e:
more | ight on the complexity of deprived ar
the | ater chapters.
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6.1.2. Conclusion ofsub objective 2 (chapter 3) Contextual features
In this sub objective, the study proposed
mapping deprived areas over | arge areas and

extracted fromtfi 2eddlayt aav alihlea bslteu dSyenr eveal ed

best machine | earning classifier for all Ci
XGboost for Nairobi and Accra. I n addition,
but under pergf otrhnee dgeunser al i zed model due to
structure of each city. The sensitivity of
compl exities causing the generalized model s

in Lagosia®s depmiovya&t of a socioeconomic than
conclude that contextual features have a po
areas and the inclusion of additional geospa

forball omapping.

6.1.3. Conclusion of sub objective 3 (chapter 4) Covariate features
In this sub objective, the study demonstr
data to map deprived areas over | arge areas

mostmportant features needed for scal abl e al

buil ding density, NDVI and popul ation. The
samples from all the cities produced the mo:
citdgemse. These findings show the ability of
' imitations using only the EO features. Desp
they are Ilimited in their temporvaelr aggrea,n ua nadr i
data quality that | imits continental and gl o
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6.1.4. Conclusion of sub objective 4 (chapter 5) Combined Contextual and Covariate features

This objective combined amdhtepgpeéenalgebsptt
(chapter 4)edt oarneaaps dceopnrsiivder i ng the shortco
results reveal that the combined set can po
mo d e | performance in a | arge area mapping v
chall enge. Alftih@auglvet s sesada ment of F1 depri v
di fferent compared to using the features se
combined features | mpr odveep rmovdeed celsatsismatTehse ol
are builtdibgitdung density, and NDVI (varyi
Except for Lagos where most of the importar
features, Accra and Nairobi tend to have a
geospati.alWef ecaotnucrleusde t hat the combined feat

gl obal mapping.

6.2. Reflections

This section reflects the main findings

further research.

6.2.1. Main contribution

The thesis all owsasusi nt oa nsayps tdeenpartiivce dmaanrnee I
and in multiple cities. The-tthhee sciosn cceoprtturail b uzt
and characterization of deprived areas, prod

and providindotigéopatemiapal ngo
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Conceptualization and characterization of

The thesis shows that deprived areas sh

density, patterns, and environment al I ndi cat
deprawveads using satellite 1 mages and geospal
definition and systematic conceptualization

t r amofdesrl 1 &igmi | ar concl Engeasr owmret datawn DB 1E

al ., 2012; KolClointetaralwi,se20de&)pri ved areas al
mor phol ogi cal and socioeconomic characteri st
Therefore, the notion of homogemnWouseatategasry

categorization of deprivedtranaiemsanchtioestypeat
capture this diversity at a | arge scale. It
and a defined mappi nsg asncdalper ottheactt sc otnhsei ,d eats r¢
(pocket sl umwusas(2ea? tp)Hodvelvyer, more studies o

needed for global mapping.

Scal able and transferable methodol ogy

The thesis showed da&atssaataec ht hienputstfreatgu

weaknesses. Contextual features provide <cor
compl ebehedsdhey miss equally and someti mes (
featur es. Open geospatiaf dhvaiadl ownd osotih
features but have | ow tempor al granul arity,
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areas. Some socioeconomic features are not a
contextual andslgeawsmpméeh earl ecaltableess and trans
but at a high computational <cost. Feature s
this type of research was done@edti nadgfebalur
based on expetvotpknawkedgéeanhdres from ML mo
significant features. The choice of 100m reg
of wvarious data sources. elkhcd wdad prgi snkg tsa ad wi @
slums asOwougue@@dip)The use of patch based fo
makes the proposed appr-oash evabpaiicoandt pra
comparable across cities. Mor eover, the use
Satelmagery and Google Street View data <co
interpretation in smal/l patchesnodkelamwyg us t

testing.

Application to gl obal mappi ng

The thesis proposed an agbobachmapptnda
deprived areas. To the best of our knowl edge
Su$faharan African Cities with the potenti al
maki ng. The proposed approachcesl-amcdr agment r e
geospatial tools that allow reproducibility

avail abl ed@Gint Hubedegctad ¢t bk gi ( hub. com)y maxwel |

The proposed machine | earning approach has

dat aset s. This approach is relevant for mos
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https://github.com/maxwellowusu/IdeaMaps

rapid pace of wur baniazetsi.onl hree gdweivred 20 pferde qpu eorct

be reused, or i mproved for other cities, all

6.2.2. Limitation of the research

Even though the proposed approach provid

deprived area mapping, there are some | imita
inner city. We have Ilittle informatidn on th
assessmeetdedfos performance in those areas.
poor data quality and incompleteness (e.g.,

affected model sd6 performance eprdthempatageé¢i D@

ti me and storage.

6.2.3. Recommendation for further research

The following topics may be considered fo

T Further studies are required to understan
center s, in théeéoBuluhios.i sThics uwidlelr salandi r

phenomenon and boeutttceormejtuhdeg es urboudred ss. Mor e

secondary cities which are often in a tra
1T Detailed feature selection and sensitivi
Future studies should investigyatthe hlee situn

results and feature sensitivity to the mo

T Future works should discuss model output
feedback to i mprove them. This wild/@ all ow
in the model ,f addeessmplgesiomiee ®.

108



T Future studies can explore modern deep | €

augmentation to I mprove model outcomes.
1T Prediction on the final map suffers with
explore small tiledegrnediction to reduce
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Appendix 3.1 Accra Model

Appendix

Model Feature Set Feature Count F1- Deprived Class F1 Macro — Deprived Class
IXGBoost XGBoost_Features 25 0.93 0.95
MLP Minfo_Features 25 0.93 0.95
Gradient_Boosting XGBoost_Features 25 0.91 0.94
Gradient_Boosting All_Features 432 0.91 0.94
IXGBoost Minfo_Features 25 0.91 0.94
XGBoost All_Features 432 0.91 0.94
Gradient_Boosting Minfo_Features 25 0.90 0.93
Ensemble All_Features 432 0.90 0.93
Random_Forest XGBoost_Features 25 0.89 0.93
MLP XGBoost_Features 25 0.89 0.93
Logistic_Regression All_Features 432 0.89 0.93
Logistic_Regression XGBoost_Features 25 0.89 0.93
Logistic_Regression Minfo_Features 25 0.88 0.92
MLP All_Features 432 0.88 0.92
Random_Forest All_Features 432 0.87 0.91
Random_Forest Minfo_Features 25 0.85 0.90
XGBoost ADA_Features 25 0.84 0.90
MLP ADA_Features 25 0.83 0.89
Gradient_Boosting ADA_Features 25 0.83 0.89
Logistic_Regression ADA_Features 25 0.82 0.88
MLP Logistic_Features 25 0.79 0.86
Logistic_Regression Gradient_Boosting_Features 25 0.79 0.86
MLP Random_Forest_Features 25 0.79 0.86
IXGBoost Gradient_Boosting_Features 25 0.78 0.85
Random_Forest ADA_Features 25 0.78 0.86
MLP Gradient_Boosting_Features 25 0.77 0.85
Gradient_Boosting Logistic_Features 25 0.77 0.84]
Random_Forest Logistic_Features 25 0.77 0.84
Logistic_Regression Random_Forest_Features 25 0.76 0.84]
IXGBoost Logistic_Features 25 0.76 0.84
Logistic_Regression Logistic_Features 25 0.70 0.81
IXGBoost Random_Forest_Features 25 0.62 0.77
Gradient_Boosting Gradient_Boosting_Features 25 0.61 0.76
Gradient_Boosting Random_Forest_Features 25 0.15 0.51
Random_Forest Random_Forest_Features 25 0.00 0.43
Random_Forest Gradient_Boosting_Features 25 0.00 0.43
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Appendix 3.2: Lagos Model

Model Feature Set Feature Count F1 - Deprived Class F1 Macro — Deprived Class
MLP All_Features 432 0.60 0.77,
Ensemble All_Features 432 0.56 0.75
MLP Logistic_Features 25 0.52 0.72
XGBoost All_Features 432 0.50 0.71
IMLP Gradient_Boosting_Features 25 0.45 0.68
MLP Random_Forest_Features 25 0.41 0.66|
XGBoost Gradient_Boosting_Features 25 0.41 0.66|
MLP ADA_Features 25 0.41 0.66|
XGBoost ADA_Features 25 0.40 0.66
XGBoost Random_Forest_Features 25 0.40 0.66|
MLP XGBoost_Features 25 0.35 0.63
Gradient_Boosting Gradient_Boosting_Features 25 0.35 0.64
XGBoost Logistic_Features 25 0.34 0.63
Gradient_Boosting Random_Forest_Features 25 0.33 0.63
IGradient_Boosting All_Features 432 0.24 0.58
XGBoost Minfo_Features 25 0.21 0.56|
XGBoost XGBoost_Features 25 0.20 0.56|
Gradient_Boosting Logistic_Features 25 0.15 0.53
IMLP Minfo_Features 25 0.11 0.51
Gradient_Boosting ADA_Features 25 0.00 0.45]
Gradient_Boosting Minfo_Features 25 0.00 0.45
IGradient_Boosting XGBoost_Features 25 0.00 0.45
Logistic_Regression All_Features 432 0.00 0.45
Logistic_Regression ADA_Features 25 0.00 0.45
Logistic_Regression Random_Forest_Features 25 0.00 0.45)
Logistic_Regression Gradient_Boosting_Features 25 0.00 0.45
Logistic_Regression Logistic_Features 25 0.00 0.45)
Logistic_Regression Minfo_Features 25 0.00 0.45
Logistic_Regression XGBoost_Features 25 0.00 0.45
Random_Forest All_Features 432 0.00 0.45
Random_Forest ADA_Features 25 0.00 0.45
Random_Forest Random_Forest_Features 25 0.00 0.45)
Random_Forest Gradient_Boosting_Features 25 0.00 0.45
Random_Forest Logistic_Features 25 0.00 0.45
Random_Forest Minfo_Features 25 0.00 0.45
Random_Forest XGBoost_Features 25 0.00 0.45
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Appendix 3.3: Nairobi Model

Model Feature Set Feature Count F1 - Deprived Class F1 Macro — Deprived Class
IXGBoost All_Features 432 0.91 0.92
Gradient_Boosting All_Features 432 0.91 0.91
Ensemble All_Features 432 0.90 0.91
Gradient_Boosting Minfo_Features 25 0.90 0.90
Logistic_Regression ADA_Features 25 0.89 0.89
Logistic_Regression All_Features 432 0.89 0.89
Logistic_Regression XGBoost_Features 25 0.89 0.89
XGBoost Logistic_Features 25 0.89 0.89
MLP All_Features 432 0.89 0.89
IXGBoost Minfo_Features 25 0.89 0.89
Gradient_Boosting Logistic_Features 25 0.89 0.88
Logistic_Regression Logistic_Features 25 0.89 0.88
MLP Minfo_Features 25 0.88 0.89
IXGBoost ADA_Features 25 0.88 0.88
MLP ADA_Features 25 0.88 0.88
MLP Logistic_Features 25 0.88 0.88
Random_Forest All_Features 432 0.88 0.87
Logistic_Regression Minfo_Features 25 0.88 0.87
Random_Forest Logistic_Features 25 0.87 0.87
Random_Forest XGBoost_Features 25 0.87 0.87
Gradient_Boosting XGBoost_Features 25 0.87 0.88
Gradient_Boosting ADA_Features 25 0.87 0.87
Random_Forest Minfo_Features 25 0.87 0.86
MLP XGBoost_Features 25 0.87 0.87
Random_Forest ADA_Features 25 0.86 0.86
IXGBoost All_Features 432 0.91 0.92
Gradient_Boosting All_Features 432 0.91 0.91
Ensemble All_Features 432 0.90 0.91
Gradient_Boosting Minfo_Features 25 0.90 0.90
Logistic_Regression ADA_Features 25 0.89 0.89
Logistic_Regression All_Features 432 0.89 0.89
Logistic_Regression XGBoost_Features 25 0.89 0.89
XGBoost Logistic_Features 25 0.89 0.89
MLP All_Features 432 0.89 0.89
IXGBoost Minfo_Features 25 0.89 0.89
Gradient_Boosting Logistic_Features 25 0.89 0.88
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Appendix 3.4: Generalized Model

Model Feature Set Feature Count F1 - Deprived Class F1 Macro - Deprived Class
XGBoost All_Features 432 0.85 0.91
Gradient_Boosting All_Features 432 0.83 0.89
MLP All_Features 432 0.81 0.87
Random_Forest All_Features 432 0.81 0.88
MLP Logistic_Features 25 0.78 0.86
Random_Forest Logistic_Features 25 0.77 0.86
XGBoost ADA_Features 25 0.75 0.84
MLP Gradient_Boosting_Features 25 0.74 0.83
XGBoost Gradient_Boosting_Features 25 0.74 0.84]
Logistic_Regression All_Features 432 0.74 0.83
MLP ADA_Features 25 0.74 0.83
Random_Forest ADA_Features 25 0.73 0.83
Random_Forest Gradient_Boosting_Features 25 0.73 0.83
XGBoost XGBoost_Features 25 0.71 0.81
Random_Forest Minfo_Features 25 0.71 0.81
IXGBoost Logistic_Features 25 0.71 0.82
XGBoost Minfo_Features 25 0.70 0.81
Gradient_Boosting Gradient_Boosting_Features 25 0.70 0.80
Gradient_Boosting Minfo_Features 25 0.69 0.80
Gradient_Boosting ADA_Features 25 0.69 0.80
Gradient_Boosting Logistic_Features 25 0.69 0.81
MLP Minfo_Features 25 0.69 0.80
MLP XGBoost_Features 25 0.68 0.79
Gradient_Boosting XGBoost_Features 25 0.68 0.79
Random_Forest XGBoost_Features 25 0.67 0.79
Logistic_Regression Logistic_Features 25 0.66 0.78
Logistic_Regression ADA_Features 25 0.65 0.78
Random_Forest Random_Forest_Features 25 0.64 0.77
IXGBoost Random_Forest_Features 25 0.63 0.75
Logistic_Regression Gradient_Boosting_Features 25 0.63 0.76
MLP Random_Forest_Features 25 0.62 0.75
Gradient_Boosting Random_Forest_Features 25 0.60 0.72
Logistic_Regression XGBoost_Features 25 0.59 0.74
Logistic_Regression Minfo_Features 25 0.49 0.69
Logistic_Regression Random_Forest_Features 25 0.41 0.64
XGBoost All_Features 432 0.85 0.91

Appendi x 3.5 Optimized parameters

Best Models Hyperparameters
“gi?;ﬁi’g; ‘activation”: 'relu’, 'alpha’: 0.000hjdden_layer_sizes': (100, 100, 100),
(MLP) learning_rate": 'invscaling', 'solver': '‘adam
XGBoost {learning_rate". 0.05, 'max_depth": 5, 'min_child_weight" 1, 'n_estimators":

Appendi x 3.6 Optimized parameters

Best Model Hyperparameters

Multi -L o . :

P:rttl:ep?r};ir ‘activation’: 'relu’, 'alpha’: 0.0001, 'hidden_layer_sizes": (100, 100, 100),
(MLP) learning_rate": 'invscaling', 'solver': 'adam

Appendix 4.1: All geospatial features

Al | features tamkbe found in this
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https://docs.google.com/spreadsheets/d/1eZLTofb7vU_CQ0DhxB6bxvvO9bXNq_Mz1ZPQYW_-ims/edit?usp=sharing

Appendix 4.2: user-defined open geospatiafeatures

Dat mar.i Dat s
name Datdaessicpt i on yealprod neprod_websit
Counts of buil di WorldpchttDS'//wop
uu_bld_grid cell. Ext 1 Open / :
2020 |l evel dataset 202Reposil§L
Measure of the WorldpchttDS'//wop
uu_bl d_per grid cell g Open / :
20 nat i-loenvadl dat ase 202Reposil§L
Average of mo nt
CHI RPBai nf al l E <
Rai n Gauge a

https:// chec

Observations re h I
| DEAMAP®SX 1100 m gr chpetrm
ph_climcubic convoluti198:
k_ 2020 | DEAMAPS Accra 1202 CHI RPS
Derived from gl «
Resampl ed t he
| DEAMAPS 100x10
cubic convol uti
ho_impr resampled rastei The Ma
ng 2015 Accra urban ext¢ 201Atlas Ihttps:// mal
Desert
Accra Max NDVI Resear (
30m resolution Center,http://clim
Climate Engine), Uni ver ¢
ph_ndvi into 100m gri d. 2011 daho
ph_max_ Accra maxi mum gr Climatchttp:// www.
019 of 2019 201 Lab b.orgl/
Accra Estimated
2018 (FraRSeLb 0 0 k) Faceboc?ﬂt/ttgf)'llsll_%itp
from 30m origi.l CI ESIN d e n snatps /
po_hrsl 100m grid 201 gensanal
Accr a Esti mat ed https:// www
2020 i n 10 Wonr |-g :

po_wp_2 UNadpnstrained) 202Wor|dpcg-/
The value of eac

its topographic
Extracted f r-lo s https:// www
sl ope (200@eyelna / :
We then resampl g
| DEAMAPS 100xk0
ph_slopcubic 200Wor |l dpc
Urban/rur al cl a
buil ding patter .
indicates ur lvaim Worldpcht/tps'//wOD
uu_urb_ Extracted f flem Open g
018 dataset. 202 Reposit

VI I RS-tnimeghtl i ght

the DEAMAPS 100X https://www
[ [ i ' g/ geodatals
in_nighuwusing cubic con: 18619
2016 to the Accra urt 201Worldpc
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https://wopr.worldpop.org/
https://wopr.worldpop.org/
https://wopr.worldpop.org/
https://wopr.worldpop.org/
https://chc.ucsb.edu/data/chpclim
https://chc.ucsb.edu/data/chpclim
https://malariaatlas.org/
http://climateengine.org/
http://www.climatologylab.org/
http://www.climatologylab.org/
https://dataforgood.fb.com/tools/population-density-maps/
https://dataforgood.fb.com/tools/population-density-maps/
https://dataforgood.fb.com/tools/population-density-maps/
https://www.worldpop.org/
https://www.worldpop.org/
https://www.worldpop.org/
https://www.worldpop.org/
https://wopr.worldpop.org/
https://wopr.worldpop.org/
https://www.worldpop.org/geodata/summary?id=18619
https://www.worldpop.org/geodata/summary?id=18619
https://www.worldpop.org/geodata/summary?id=18619

Appendix 5.1User-defined contextual features
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