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ABSTRACT

The causes of flooding in Nairobi are multifacet#d climate change and rapid urbanization making
flooding of great concenparticularly in slunes they are the most vulnerable settlen@imsmtechange
risks ardneterogeneously distribuiactities such adairobi, with the urban poorand slurrsettlements
experiencingigher flood exposure and aggravated impaspiteslumsbecoming potentikdcations for
increasedrbanizationtheirassociatiow i t h b e ihavgmadeitherh reapnaglingal attentiofrom
governmentamaking the problems they fagech as flooding invisible and barely undersioodthe
risksthey face are not quantifi@dhe influence oflsm morphologie®n floodingsuch aslensity spatial
distribution and arrangemduatsbeen insufficiently studijedithkey focus being placed on thedations

in flood-prone areas.

The overall aim of this reseansfasto (i) investigat¢he influence of urban morphology quanfying

flood susceptibijitand (ii) explore the distribution of flood susceptibilibetweenslumsand formal
settlementsThis aim wasachievedollowing three objectivesdentifying morphologicdllood factors
alongside hydrological, environmental and geomorphological Flood Influencing Factors (FIFs),
constructing a flood inventofffood no flood locationdpr Flood Susceptibility Mapping (FSM) using
Machine Learnin@VL) asthelast objectivieat a grid level of 10@etersby 100metersFIFs weralerived

from Remote Sensing (R®hile urban morphological flood factors were quantified into measurable
characters (morphometricsheTflood inventorywas generateldy combiningresults from aldod
simulation modelled using Fast Fleadastbrowser flood simulatidnol, and Citizen Science (G8pd
information.Flood susceptibility wamsodelled usin@ Random Forest (RFpodelsby predicting the
probabilityof susceptibilitbased omorphometric factors and FIFs (Model 1) and sadiyFs (Model

2).

Susceptibility values ranged frefinwith values near 1 indicating very high flood susceptibiigaftsR
from both modelexposed disproportiondistribution of flood susceptibility between slum and formal
settlements. Slums are observed thididy susceptible compared to forswitlementsvith median
susceptibility values of 0(bModel 1)and 0.5in Model 2)for slums an@.3in both models for formal
settlementsAdditionally,the resultsmply that urban morphologjas a significant influenoa flood
susceptibility as the overall accuracy of Moerdased t84.71%from 71.76% in Model ®Rith the
inclusion of morphometric factoiihe findingsuggestethat distance to rivevgas the most influential
susceptibilityfactor, followed by building adjacency andan intebuilding distancenorphometric
charactersespectivelyThe space and room left for wateflow and infiltrates a result dhe spatial
arangemenin slums andheir occupatiom floodplainsverediscovereas thdundamentaleasosas to
why slums face more flood risks than fosatlements

Considering the bias towards focusing on the effects of floods on developregpbgure)building
development regulatory policies such as impact asseasihdniidding arrangement guideloweght to

be formulated to evaluate the influence of development on floAddigonally, structural and non
structural measures were also provided as flood mitigation and adaptation n$=asares.
recommendations for future flood investigat@ystress on the use of @®rmationandhighresolution
datafor accurate flood mappirand spatial transferabiligf the modelacross geograpghily diverse
regions.
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1. INTRODUCTION

It is without a doubt tha@lstcenturycitiesconfronttons of urbanization challendesN-HABITAT,
2009)such aslmnate changeyhich isidentifiel as a principal challengethe context of sustainable
development. The intensification of the hydrological cycle as an effect einduceth climate change
(IPCC, 2023)nfluences erratic and extreme precipitagignificantly increiag urbarflood risk(Tabari,
2020) Despite the effects of climate change being felt, Wiyegtborest populations characterized by
having minimal carbon footprints, constrained adaptive capacitiesteddecisiormakingoowers are
particularly struck the most by climate chmngactsespeciallflooding(IPCC, 2022)

1.1. Background

Floods have become the most frequent and catastrophic climateelhtgdyaskBradford et al. (2012);
Paul (2015wheren the last 20 years, flooding has affected more than 2.Jbiipda globally, and in
2019 alondt accounted for 43.5% of deaths from natural dis§Stgs & Steinert, 202ZJonsidering
that floods are projected to be heightened by @ud@iqul Islam et al., 2021yith extreme daily
precipitation events setémacerbatby approximately 7% for evefg bf global warmingPCC, 2021)
flood events are set to become common disasters

World Bank (2006¥ontendthat people in losincome countries are four times more likely to die from
natural disastecompared to people in higicome countriedNith poor communities and populations

being primary victims of such disasters, the increasing probability and severity of floods ought to be viewe
as a social and physical cons{Altivana & Owojori, 2023)

Dumedah et al. (202&mphasizethat the proliferation of slums @ne of the challenges of rapid
urbanizatiorHoweverthe effects of floods cities often vatyetween formal and sluwithile flood risks
have been reported to be extremely higluingWHO & UN-Habitat, 2016Hamidi et al. (2028uggest
that dums are more likely to experieheightenedmpacts due to highdiood levelsand increased
exposure

Approximately a third of the urban population in Low and Midciene Countries (LMICs) are hosted

in slumgUNG&Habitat, 2015Nearlyl.1 billion people globally, were reported to live in slums jimi620

a further 2 billion expected to live in slums in the next 3QYedex Nations, 2023)t a global scale,

Africa and Asia aamnticipated o account for roughl y(USDEBA G@X9t he f

A study conducted Biyschakert et al. (201fyhlighted that Africa was the second hahiesbntinent

by floods after Asia. In addition, accordingha et al. (2011)y the year 2000, the number of flood
incidence#n Africa was higherompared tahe rest of the worldClimate variability, altering patterns of
flooding and prolonged raihaveworsened flooding in maBybSaharan AfricafBSA)cities(Douglas

et al., 2008jor example:

i) Residents in Accra, Ghana observed that from 2000, the heavy rains that occurred in June and Ju
would start before June or continue beyolyd Ju

i) The predictable cycles of flooding in Kampala, Uganda that occurred in the rainy seasens of April
May and OctobeXovember altered, resulting in unpredictable and erratic flooding.

iii) In Nairobi, Kenyapngterm slum dwellers provided that areas that never used to flood began to
experience flooding within two decades.



The Influence of Urbaklorphology on Flood Susceptibility in Slums in aBedace Environment Using Machine
Learning

iv) In Maputo, Mozambique residents asserted that sincBd#80g events bame worse, claiming
that a onalay rain event would cause floods that persisted for 3 days.

Flooding is not exclusively attributable to climate gHautgalsoto anthropogenic factof&nwana &

Owojori, 2023pnd urbanization dynamig®amiaramanana & Teller, 20Zhe lack of data to justify
climatechange as a probable cause has resulted in its unfair associations with flooding, placing blame on it
while overlooking human activiligffuencing floodingDumedah et al., 202Human activities, especially

those resulting from human settlements have modified urban lant®epesurban morphologies that
increase the propensity of flood{8gntos & Reis, 2018)

According tdVlensah & Ahadzie (202@)y drivers of increased flood risks in Africa are related to intensive
developmeniNotably slumscharacterized by their densit@sation inand obstruction of floegdrone

areas make slum dwellers frequent and primary Vilirfier et al., 2021; United Nations, 2023)
emphasizetly thar direct relationship witthe intensities of disaster vulnerabilif®sunyewah et al.,
2022).Excluding climate variability and the existence of ,shaos city planning, improper waste
management strategies, poor drainage infrastructure, human activities near rivers and uncontrolled growth
have been considered as driving causes of urban floods in AfricéAbziies2022; Amoako, 2012;

Douglas et al., 2008)

Efforts have been made to understand, quantify, analyse and predict the impacts of flooding worldwide
(Mudashiru et al., 202Despite the complexity surrounding floo@ngglas (2017Flood Susceptibility

Mapping (FSM) has been used to understand flood risks by assessing the correlation between floods and
their influencing factorSeydi et al., 202Quantitative, hydrologidahsed and statisticabdelshave

been used and developed for K8Mdashiru et al., 202 oweverrecentlyMachineLearning (ML)
modelssuch adArtificial Neural Networks (ANN), Random Forest (RF), Extreme Gradient Boosting
(XGBoost), MultiLayerPerception(MLP) and Support Vector Machine (SYNgve gained traction in

FSM due to their capabilities to model complex events such as {Begihgt al., 2022)

1.2. Research Problem and Gaps

Over the past three decades, the role of urbanization and climate change in urban flooding has been heavily
contested, bearing no resolut{dmoako, 2012)As climate change increafleod hazards in Africa

(Dottorietal., 201&8ndwithAf r i ca f orecasted to face (UNIDESAmaj ori ty
2019) floodingis becoming aacute problerdemanding immediate act{@mu et al., 2019)

1.2.1. Relationship Between Slums and Flooding

Unfortunately, t he association of sl umgHuang, bei ng
2021)andineffective government respon@ghl-Habitat, 2009)Subsequently, they are excluded within

the formal urban systems, making the problems they face quite difficult to r@édognige202])

especiallyn relationto climate changadaptatioras they aré i nvi si bl e 0 literali@thast hi s r e
overlookedlood challenges in slum contesdsh as the geographical space left for water to flow during
flooding(Dumedah et al., 2021)

Challenges such as flooding in slums are not well understood, specifically the differences between slums
and formal settlements in terms of flood exposure and suscefttigitis. attributable to the lack of
databases that quantify disaster risks faced lsycehapared to bett@ff settlementsyet, on numerous

occasions, the urban poor are witnessed to be harttest{Kuffer et al., 2021)
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1.2.2. Flood Quantification

Efforts have been made to quantify the risk, damage, vulnerability, and spatial extent of floods by focusin
on understanding, predicting and estimating flood h&3axds et al., 202E)ood mappingtudies such

as those bi(ia et al. (2019ndTehrany et al. (2014jighlight thatmostefforts consideydrological
geomorphologicalnd environmentdhctorsreferred to as Flood Influencing Factors (FIiHeyvever,

current studies have shown an association between urban floadthanmbgenicactors(Anwana &

Owojori, 2023; Lee & Brody, 2018; Lin et al., 2021)

Urbanization has a direct positive relationship with an increase in flood events, even when there is no rainfe
variability(Walsh et al., 201Zhe depiction of urban growth in terms of urban morphology, referring to

the spatial analysis of urban structures, land use, street patterns, buildings, open spaces, and the nature
human settlements, is suggestedidoto thainderstanding of floodifumedah et al., 2021)

Few flood hazard modelling studies exist for slums in Afoca et al., 2022Which is concerning
especially given thei igreasing exposure of slang(ii) projection of variable climate in Af(igenoako,
2012)whichwill increasehe risk of floodingThe minimal or lack of investigations done for flooding in
slums provides little evidence to support flood risk managéimengt al., 2022nd quantifgheirflood

risks. Despite havindew flood mappingstudies, a small proportion have attempted to utilize urban
morphological elementsiH®M thus indicating the need for research that targets this gap.

1.2.3. Data Scarcity

Flood nappingds challenged by data paucity of relevant ddthsess et al., 2028ppecially in the global
south(Hawker et al., 202@5 well as theleast developing and developed reg@monge et al., 2022)
However, the availability of opaccess global datasets has been instrumental in proaippiagg data
(Ceola et al., 2022)beit having coarse resolutions and low accu@areset al., 2024)pespite their
benefits, the effectiveness of global datasets is uncertain, especially due to downsizinthgrocesses
approximatéocal condition§Sun et al., 2022)

Al-Aizariet al. (20243ssert thaflood inventories (flood ansb-flood locations) are important for FSM

as historical and previous events can be used to gheetlketlihood ofuture flood eventSr owfiqul Islam

et al., 2021pata scarcity concerning flood inventories is a common problem in many cities, most especially
in urban areaas (pluvial) flooding tends to be dispefakdizari et al., 2024)

Hydrological monitoring stations are ,fparticularly in Africa and in most cases, do not cover flood
locations, therefore contributing to low spatial coverage of areas susceptible to flobidang €Aal.,
2024). Similarly, Nairobi faseich challenges, where most of the rivers are un@jdutiedn et al., 2019)
leading to the lack of historical discharge datasétich are most especialseful for fluvial flooding
(Juma et al., 2023)

1.3.  Significance and Purpose

This research intends tvestigate and quantify thexus between slums and floods as a result of
inadequate knowledge and minffakts in substantiating flooding challenges and quantifying flood risks
faced by slumgffectively understanding this relationghgssentiébr it to beaddressed in line with the
Sustainable Development Goals (SDGs), Urban Agenda 2030 and the Sendai Framework

Since mostiood studies exclude anthropogenic flood factors and heavily focus on the location of slums
and their uncontrolled growth as the nrdlonencinglood factors, this researfdtuse®n understanding
therole of the spatial urban structures of slums using urban morphology. This research will add knowledge
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in the fields ofinformalityand floodingby providing new insights through the creation of empirical
evidence, in addition to addressing the intricacies of urban landscapes to flooding, especially in slums.

The integration of urban morphologylaod mappings relatively newepresenting aovel approacto
understanding floodinBesearchers such@smedah et al. (2021); Lin et al. (2@2hpte correlatien
between urban morphology elementsflanding By investigatinghese correlationthe findings of this
research will contribute &m enhancednderstandingf the relationship between the built environment
and flooddynamics

This research aims to understand the complexity of flooding and its dynamics in slums in SSA, presenting
Nairobi, Kenyaas a case stydyvisioned to investigate the relationship betweerstisodptibilitand
the physical form of urban areas using urban morphological elements

1.4.  Obijectives

The overall goal of the research is to investigate how urban morphology influences flood suisceptibility
slums anad¢omparehow susceptibility varies betwsmmsand formalsettlementsOn this basis, the
objectivesre

1. To identify and derive flood factors using openly available datasets.

RQ1: Whaturban morphological elements have the likelihood of influencing flooding?
RQ2: What Flood Influencing Factors (FIFs) are important for Flood Susceptibility Mapping
(FSM) based on existing methodologies and datasets?

2. To generate a flood inventory in a-dat&ce environment.

RQ1:What tools and datasets can be used to create a flood inventory?
RQ2:How can qualitative and quantitative datasets be combiwnalidfation?

3. To develop a citwide flood susceptibility map For Nairobi.

RQ1:To what extent are slums more susceptible to flooding than formal settlements?
RQ2:Which morphological element influences susceptibility the most?
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2. LITERATURE REVIEW

2.1. Slums

The complexity surrounding the definition of slums is a result of (i) differential local context matter, (i)
location (iii) official and unofficial description and (iv) differences in issues @ivéretial., 2017)
Subsequentlyesultingn no standard definition, adding a level of subjectivity in definind Miaimadir

et al., 2016 he UN defines slum households as households where inhabitants lack one or more of the
following household deprivatiaftN-Habitat, 2008, 2015, 2018)

Lack of access to improved water sources.
Lack of access to improveghitation.

Lack of sufficient living space.

Lack of housing durability.

Lack of secure tenure.

arwONPE

UN-Habitat (2008argued that househdk/el shelter deprivation fails to fully capture the degree of
deprivation experienced by slum households, the severity of combined deprivations and the changin
dynamics of deprivation over time. To address these chdlldAgabitat, (2008nhanced the definition

by grouping slum households into 3 categories: moderately deprisetl{eneeprivation), severely
deprived (tweshelter deprivation) and extremely deprived {shedter deprivation)

Despite the improvement, the definition suffers from the lack of a social dimension and has difficulty in
capturing information relating to tenure security within §Maibir et al., 201€ihce it is a nephysical
expression of slum conditions that deals with IggiltiHabitat, 2008Khalifa (2011argues that despite
significant strides toward alleviating one or more deprivations, the changes in slum status would not b
recognizedKhalifa (2011jurther provides that shelter deprivations do not consider the risk posed to
human life and argues that people can live without tenure security but cannot survive when their houses a
located in hazardous areas such as floodplains or lgrdsl@lvctons.

Informalsettlements and slums are the most commonly interchangeably uggditiemest al., 2016)
however, according {dMahabir et al., 2016; tHabitat, 2015)}here is a difference between the terms
with informal settlements referringatea deprivation while slumsdetned atouseholdieprivation.

This research uses the term slbetmusaformal settlements are perceived to be real gtatdation

thatcan be occupied bgthaffluentand poor urban residepdsidspecificalljocuseson the formal status

of land tenur@andstructuregUnited Nations, 2023)loreovef gi ven t hat the term
to the physically deprived conditigiéang et al., 20199 is well suited for this research since the study
investigates thefluence of thghysical fornon flooding.

2.1.1. Slum Characteristics

Globally and locallyhe definition of slums varies, resulting in poor classifications of what slums are or are
not. Attempts to classify slums based orUtieHabitatdefinition byEngstrom et al. (2015¢sulted in

nearly the whole city being classified as a slum. One alternative for the misclassification issues is tt
characterizatioof dums usingnorphological componentsith Kuffer et al. (201&utlining components

such asmall roof sizes, higtensites irregular patterns, alatationsn hazardousites Thesespecific
morphologicatharacteristiasan be groupeidto 5 dimensionduilding geometry, density, arrangement,
roofing materials and site characteristics.
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Additionallyto enhance slum characterizatigohli et al. (201Z)roposedamorphologicatlassification

at different spatial levels efivironssettlementandobjectsSlum experts from a survey don&blli et

al. (2012jlelineated slums from imageries using characteristics such as irregular roads, small roofs, absence
of roads, lack of vegetation and open spaces, compact density, irregular settlement shape, and locality.

The location of slumaccording t&zzati et al. (20183 perceivedo be a tradeff between poverty and

risk that contributes to tlexposuref slumsEzeh et al. (201@&fguethat the urban poor have increased
exposure to multiple hazards, because of their decision to live in hazardous locations influenced by poverty
and proximity to economic opportunities

2.2.  UrbanMorphology

Moudon (1997erms urban morphology as the study of the city as a human habitat, defining it as the study
of the complex structures of human habi@asithier & Gilliland (2006Jefine urban morphology as the

study ofthe urban form of citie®arau et al. (2018¥plain urban morphology as the study of human
settlements and the process of their transformation, considering urban morphology as the spatial analysis
of urban physical structures, land use, street patterns, buildings, and open spaces.

Urban morphology can be studied at different urban scales to rdentifiygpatterns in the structure
and configuration of the built environment and to understand how its elements worKkogpth2014)
The spatial scales of urban morphglaggording té-leischmann et al. (2022nsist of plots, buildings,
streets, squares, blocks, and neighbourhoods.

2.2.1. Morphological Comparison between Slums and Fetti@ments

Differentiating slums from formakttlementsising pattern, density, and size morpholofgiatires

Kuffer et al. (20148xplain slum morphologies as exhibiting organic patterns, which are usually more
complex, irregular, diverse, and dense than formalUsefs.omparisons betweettumsand formal
settlements aggrovidedin Tablel (Baud et al., 2010; Kuffer et al., 2016; Kuffer & Barros, 2011; Scott et
al., 2017)

Tablel: Morphological Differences between Slum and Formal Settlements

Mor phol ogi c|SI| wsnettl ement s Formal settl el
S ze V. Smal | buil dinglV Larger buil d
Density V Lack of green |V Pl annedpagoces
V High dedsiaty |l v Lownoder at e
roof coverage)|V Larger di st 4
VI insufficient d buil dings
buil di ngs
V. Narrow access
Patterns V Organirg egrud air |V Regul ar | ayo
wi t h airr rleagywolut |V Regul ar str ¢
V Irregul ar ahr de
streets
SidhearacterilvV Iproximity to |V Buildings bu
|l ocations | and
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2.2.2. Morphometrics

The physical structure of cities can be charactdrizgdantifiable elements known as morphological
featuregAbascal et al., 2023y quantifing the featurethrough meaningful measurements of their
geometrical forms and spatial relationsfWpsng et al., 2023Quantifying thesésaturesrelies on
consistent and relialdata on elements of urban morphology such as buildings, open spaces, plots, and
street§Mumford, 1961 Buildingootprintsare globally mapped and easily accessible from various sources
such as Open Street MEPSM) Bing Satellite Map§oogle Open Buildings (GOBnd Microsoft
Buildings

Datasetsuch as OSMreinconsistent as they are manually delineated, with datasets such as GOB and
Microsoft Buildings being consistent as they are delineated using Artificial Intelligence from Very High
Resolution (VHR) imagetreetdata from sources such as Microsoft Roads are not consistently mapped
and lack connectivity especially in slums where there is minimal ¢{@lemggs al., 2023)

2.2.3. Urban Morphology and Flooding

Lee & Brody (2018)laim that anthropogenic factors suchrggannedievelopment and alteration of
natural landscapes with impervious surfaces aredugkhatedvith flooding. According thin et al.
(2023)artificial impervious surfaces continuously occupy greenthpacessequently incressurface
run-off andalterhydrological conditions.

In this context, building metrics such as covered area ratio, building congestion degree and density ¢
buildings heavily influence floodifigh et al. (2021)Shepherd (200%3laims that highdensity
developments tend to concentrate runoff volume subsequently getting waterlogged, especially in flooc
seasons because of the urban rain island ¥ffdsh et al. (201&)rther contribute that flooding due to
increased surface raff is directly increased by building density as it increases surface sealing and
impervious areas.

According tdumedah et al. (2021)

1. Thedisjointed arrangement of buildimgslumgarely leaves open spaces for flood water to flow
and their limited drainage infrastructanakesspace between housdbe only spackeft for
surface rwoff.

2. Horizontalspacsbetween buildingdaysignificant rokin flow accumulation during flooding as
minimal distances between buildings increase the accumulation of stoflice run

3. lrregular spatial arrangememsdify and artificially extend the path of surfaceoffuthat
increases the volume of water as flow accumulation is promoted

4. Theorientation of buildings relation to topography controls the level of room left for water to
flow. Relative to the direction of water flow, buildings aligned perpendicularly can narrow the flow
path leading to localised flooding, while buildings built in parallel allow for water to freely flow.

2.3.  Flood Susceptibility

In the context of flooding, susceptibility is considered to be one of the determinants of flood vulnerability,
alongside exposure and resili¢Batami et al., 201 this regard, susceptibility is considered to relate to

the extent to which elements such as economic assets, buildings, and peogbeoneffombiexposed
areasre likely to be affected by a flood e(&nees et al., 2019)

Flood susceptibility is explained to be the probability of flood occurrence in a specific area with a certair
intensity(Anees et al., 2018)e to arared kndscape and geographical reitudashiru et al., 2021)
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Unlike flood risk, flood susceptibility is not related to life and proper(plaissri et al., 2018; Wang et
al., 2023)

Borrowing fromMiranda et al. (2023his research ought to focus on flood susceptibility related to the
physical environment, with Oopropensity to floodi
susceptibilityF-or thisresearchflood susceptibilitis understood to be the likelihood of a flood event to

occur

2.3.1. FloodSusceptibility and Flood Influencing Factors (FIFs)

Developing flood models such as FSM demands the understanding of FIFs for specifiCiaegfiahs
2012; Masahiro et al., 202¢hichare usually hydrological, geomorphological and environmental factors
that influence the occurrence of flood ev@rghrany et al., 2017)

Given the vast array of factors to consider for FSM, the number of factors selected varies and is often
selected from previous studshmoud & Gan (2018ped 10 FIFs and following a sensitivity analysis

they found that flow accumulation, runoff and soil type were the most influential factors for flood
susceptibility. They concluded that flood susceptibility maps ought to include more than 6 FIFs, however,
other studies argue that reducing the number of FIFs can resuitumate resuliliranda et al., 2023)

The najority of flood susceptibility studies have used similar FIFs derived from literature and fieldwork.
Research studies such as ones dafi@ebgt al., 2012; Mudashiru.,2021; Tehrany et al., 2014, 2017, 2019)
considered the following similar FIFs:

1) Elevation: As a prime factor in controlling floodifRgadhan, 2009)igher elevation areas are seen to
be less likely to be affected by flooding compared 4gldgation areas as water continuously flows
into these areas causing them to quickly (@as, 2019)ith floodprone regions characterized by
low-elevationgMahmoud & Gan, 2018)

2) Slope:Floodprone areas, characterized by having low surface slopes flood more easily and faster
compared to steep slog®sahmoud & Gan, 2018)igh slopes tend to increase-offnflow and
decreasthetime for surface infiltration increasing the likelihood of flogilogddadi et al., 2017)
unlikelow slopes where the roff speed is decreaq&benge et al., 20lincreasing the ppensity
to flooding.

3) Aspect:As aspect shows the deviation of the slope from the geographic north which varies between 0
0 360 degreg$arhadi & Najafzadeh, 202itJaffects factors such as moisture and vegetation cover
depending on aspect direction affecting the sdicnate of a regiof\l-Aizari et al., 2024)

4) Curvature:According toTehrany et al. (201ffgoding mostly occurs in areas with flat curvature, as
the flat terrain in such areas is suitable for flooding due to the role curvature has on the concentration
of flow through infiltration and rewmff processefCao et al., 2016)

5) Flow accumulation:Mahmoud & Gan (2018xplain flow accumulation as the concentration of water
flowing from surrounding paths into another cell. They further contribute that elements located in high
flow accumulation are more susceptible to flooding as they act as convergent pointsrianaffirface

6) Stream Power Index (SPI)SPI is an index that represents the erosive capability of water flow that
contributes to stream channel erosion and transportation of se(Bakkaset al., 2009he measure
is based on the local slope gradient, identifying areas likely tatftoad et al., 2019)jojaddadi et
al. (2017gxplain that areas with low power streams are highly susceptible to flooding, attributable to
the location of regions with higher SPI values on steep areas where flooding is less likely to occur.

7) Topographic Wetness Index (TWI):TWI is an elevatiederived index associated with and used as
a proxy for soil moisturgCao et al., 201§Kopecky et al., 202aphd soil water storage capacity
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(Chowdhury, 2023Which shows the amount of flow accumulation in a drainage basin and the capacity
of water to travel downstream with gravitghrany et al., 2019)

8) Distanceto rivers: Regions located far from river systems are less likely to suffer from flooding than
regions in closer proximity as they are situated along the flow path of surface runoff, consequently
increasing their predisposition to floodMghmoud & Gan, 2018h addition to being situated along
the flow path of water, flooding could be a result of overflow andapaarity resulting in higher flood
risk for areas closer to the rivgtabenge et al., 2017)

9) Clay soil content:Soils and their associated ecosystems and physical properties provide regulating
contribution through physical mechanisms such as infiltration, storage anddfforelease during
flooding that consequently delay-offrand lower flood volumégSaco et al., 2021$oil clay content
plays arole in influencing the intensity of flooding, as high clay content reduces infiltration and increase
surface ruff (Shah & Shah, 2023)

10) Land Use Land Cover (LULC):Different LULC typologies have different hydrological responses
(GarciaRuiz et al., 2008hdcontributions to floodindg/lojaddadi et al. (201s)ggest that urban areas
are more prone to flooding due to the composition of bare land and impervious surfaces that increase
stormwater runoff compared to vegetated areas.

11) Normalized Difference Vegetation Index (NDVI): NDVI is used to calculate the amount of
vegetation in an ar@@arhadi & Najafzadeh, 202A)eas with high vegetation density decrease the
runoff speed (Tehrany et al., 20d8eming such areas as havingsimeeptibility to flooding in
comparison to areas with low vegetation densities.

12) Normalized Difference Built-up Index (NDBI): NDBI analyses builip areas as they are prone to
flooding due to their impervious nature decreasing infiltration and increasthMojaddadi et al.,

2017)

13) Normalized Difference Wetness Index (NDWI):NDW!I identifies the presence of water bodies and
permanent water sinaeeas occupied by waterbodiesys pose threats to adjacent land by over
saturating soil leading to inevitable floodimthigher flood riskéFarhadi & Najafzadeh, 2021)

14) Rainfall: Susceptibility to flooding is known to increase with higher rainfallisgdhgiteme rainfall
within a short time period can lead to floodspecially when water cannagbieklyabsorbed by the
soil or evaporate, resultingrioreasedurface flowfDouglas, 2017Additionallyflooding experienced
in a given area is highly dependent on raiafm@rdless ahe catchment area environmental
conditior(Nyarko, 2014; Segond et al., 2007)

2.3.2. Flood Inventory

FSMistreated as a binary classification task with the flood inventory being classified into flood points and
no-flood points with binary labels of 1 and 0, respectastiependentvariablesfor susceptibility
predictiors (Towfiqul Islam et al., 202¥hich aresed to determine the flood classification of an area and

its probability of belonging &specific clag®Vang et al., 2023)

ML models heavily depend on sufficient flood inventory data as reftoemeesing and validatipn
howevey the lack olsuchdata limis the accuracy of FSMarticularlyin datascace regiongYu et al.,
2023) Notably, a study conductbyg Nsangou et al. (202ih) Cameroopmanaged to work with limited
data by using 50 flo@dintsfor a regioroccupyin@5.6 km2Similarly, using @NN algorithmFalah et
al. (2019onducted=SM in an Iranian city spanning 120 km2, basg8ftwod points.

Scarceélata poses a challenge to the generalization ability of a Mispeadf@lallyvhen using an excessive
number of flood factors as sparse distances between sampleapaiessilt iverfitting(Ying, 2019)
Moreover, when basic inputs are used in supervised ML modéésettuifficulty ircaptuing complex
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interactions between flood factaesuling in model underfitting as sample powith similar attributes
becomaundistinguishablgeandro et al., 2016)

As a result, alternative data sources such as field observations, historeardafS imagery,
topographic maps, perception of residents, topographic flood information, flood damage reports, and field
surveys have been widely used to construct flood invefftbAézari et al., 2024; Farhadi & Najafzadeh,

2021; Towfiqul Islam et al., 2021; Youssef et al., 2022)

Recently, studies suchAssumpcédo et al. (20E8pphasize the role of Citizen Science (CB)oith

mappingin collecting flood data for use in flood prediction, calibration and vali@®idras been

employed in collecting historical flood events given that it-effective(Buytaert et al., 2014jfering

more spatially distributed and relatively accurate, detailed and relibpl@rdatding contexapecific
observationgHelmrich et al., 2021; Zeng et al., 202@Ye is high potential for the use of CS in collecting

flood and neflood points on the basis that residents report more flood infornf@i@ruijn et al., 2019)

since they are knowledgeable of their surroundings, are the witnesses and sometimes victims of flood events
(Sy et al., 2020)

2.3.3. State of the Art in FSM

Over the years hydraulic models such as NHKBEOD (Kadam & Sen, 2013WAT(Lee et al., 2017)

and HECGRAS(Juma et al., 2023; Lea et al., 2@4@) been used for FSM and seen to be efficient, however,

these models depend on detailed data accumulated over a long time, which causes challenges in areas that
suffer frominsufficient detailed dafidguyen et al., 2022)

Researchers suchling et al. (2021); Hermas et al. (2@2tdied out spatial FSM by integrating RS, and
Geographic Information Science (GIS) data with statistical models as this integrated technique had the
capabilities of handling large amounts of spatial data. However, these statistical models seffer from th
problems of covariance, normal distribution predictions and linear relat{sashitse2) which reduces

the accuracy of statistibalsed mode(frasad et al., 2021)

ML algorithms have been increasingly used for FSM, due to their high computatiofiredealcgt al.,

2021; Wang et al., 2028inpared to physically based models. Additionally, their advantage in overcoming
the challenges in statisHoased modelsby predicting complex neimear relationships with high
accuracies and coping with limited (Ritam et al., 2021as been preferred.

According tdBentivoglio et al. (2022)L is considered to be supreme in susceptibility estimations, where
after a systematic review of different ML models for binary classifications, most models produced accuracies
surpassing 80%. The most commonly used ML models are supervised modeld thataaddp-

instance learning schemes such as neural networks, logistic regression, S\ ahdIRE022)vhich

introduce mathematical relationships to learn the relationships between flood factors and(iNeindabels

et al., 2023)

As ML models face the issues of overfitting and optimization problems, researchers have proposed the use
of hybrid ML models as they have shown significantly better performances compared to traditional
individual modeléNguyen et al., 2022}he superior performance of hylivid models has led to their

advanced use and development, however since there is no guide in selecting the best hybrid model for FSM,
researchers have to develop and test new hybrid alg@¥iguyen et al., 2022)
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Table2: Overview of Existing Flood Models

FI ood ModAdvantages Di sadvantages
Hydrauligu High depende|u Facffsi eacy cor
coll ected ov that suffer f
espesi abe&ey re
det diolhgd mf or m
Statistidu Can handle || Has | imitatio
spatial dat a prediction of
di stribution
relationships
t Lower accurac
i nherent | i mi
Mac hlienser n|a Overcomes | i|u Has challenge
in statistic overfitting a
u Can pr eldiincegar
relationship
u Hi gher accur
Hybrid Magu Have phrgHdéect|ua The combinat:.
Learning powaenrd perf orf depends on th
traditional of the area o
model s
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3. STUDY AREA

3.1.  Study Area and Brief History

Nairobi City County, Kenyads capital <city is |l ocat
of 1,798 meters above sea l&m@lernment of Kenya, 2018; Wibitat, 2020)GivenNa i r billyi 6 s
topography, elevatiatecreases towarte Eastern boundaty the Athi Riveand is traversed tiyree

main riversnamelyNgong River, Mathare River and Nairobi ReegFigurel).

Nairobi is strategically located between Mombasa and Kisumu, its location was initially an uninhabited
swamp(Mundia, 201 A)p until it was selected to serve as a railway depot during the construction of the
Mombasa Uganda Railwg@yugi, 2018Jjue to itsadequate supply of water, comparatively flat terrain,
cooler grounds, and availability of lgd-Habitat, 2020Nairobi has an area of 703.9,keansisting of

a National Park that covers 112.km

According to th@019population censublairobi had a total population of 4,397,073 p€dpIiBS, 2019)

with approximately more than 2.5 million slum dwellers representing 60% of the population, settling on 6%
of the urban lan¢Rajula, 2016With majority of slums in Kenjy@catedn Nairobias depicted iRigure

1

The name Nairobi originates from OEnkare Nyirobi ¢
wat gthe sity was dubbed as such due to its expansive blue spaces at the margins of aflLixid region
Habitat,2020) Addi ti onally, known by the presence of gre
city under t he mpdurdanizatiopNaieobilkas beendexperiencing a reduction in
environmental qualif@yugi, 2018)

3.1.1. Rationale for Study Area Selection

Nairobi was selected for this research based on its large slum p@madimproliferation of complex
settlement patterns as a result of rapid urbaniz&trerdlik, 2021According toMulligan et al. (2017)

Nairobi faces severe urban climate threats, where flooding is a majorNaieabisiumsdue to their
positioning on the major river systédsuglas et al., 200&dditionally, the lack of global datasets such

as the Global Flood Awareness System (GlIbBAGMODIS Near Redliime Global Flood Produdh

capturing floods in Nairobi motivated this selection. Despite the recently added flood dataset (10/05/2024)
in UNOSAT, urban flooding was minimally captured with a focus on fluvial flooding.

1Global Flood Awareness Systegiobal ensemble streamflow forecasting and flood forecasting (copernicus.eu)

2MODIS NRT Global Flood Product | Earthdata (nasa.gov)

3UNOSAT
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STUDY AREA - NAIROBI CITY COUNTY
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Figurel: Location of Slums in Nairobi

3.2. Slums in Nairobi

The origin of slums in Nairobi can be dated back to the colonial pericdeidlesegregation dictated city
planning and settlement locatifcess to designated residential areas by Africans was controlled and
limited as they were reserved for Europeans and QAdiatisya & Yarime, 2011As a result, natives
retaliated by creating their settlements outside planned areas and the Central Busi(€BOpibiriay

rise to informal settlements, after independence, residential segragafanmedinto social status
segregatio(Mutisya & Yarime, 201T)he failure of the new administratjafter independence) settle

the landless citizeis attributed tacatalymg the expansion and growth of new sl{8iam Dwellers
International, n.d.)

Slums occupied poor quality and inhabitable land, as it was their only alternative, with dwellers situatin
themselves in steep slopes, riparian reserves, swamps, refilled quarries, dumping sites, utility ar
infrastructural reserve laf®lum Dwellers International, n.d@he oldest and major slums in Nairobi are
Kibera, Mathare and Mukuru. Kibera slum emerged in 1912 around an ethnic migrant core, as it was initiall
designated for demobbed Sudanese Nubian soli@iswas taken to be a military resdtyeited

Nations Human Settlements Programme, 2BG8hareand Mukuru emerged 11920, 198 respectively

(Mutisya & Yarime, 20M/anjiru & Matsubara, 201&jter independence, the continued proliferation of
slums has been on a steady rise due to inadequate housing and the failure of poorly planned efforts to redt
them(Obudho & Aduwo, 1989)
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3.2.1. Characteristics of Slums in Nairobi

Focusing on the physical attributes that can be dategtigl®S,Nairobi slums conform to the typical
morphological characteristics of slums provide€ohii et al. (2012)Kuffer et al. (2016)As seen in
Figue 2, slumshavelow housing characterized by dense metal housing built using iron sheetsewith s
houses built with wood and m{gtott et al., 201/ rom aerial imagery, they appear to sraadsized
roofs, irregular arrangements of buildings and road laljitletsjegetation cover arndcated near
hazardous areas such as ri¥esording tdScott et al. (2013umshaveimited access to basic and public
utilities and servicel® Nairobj thescarcityhas led to the commercializatioresgentiadervices such as
waterprovision,waste collection and sanitatadten provided by expltitive and informatnterprises
(Huchzermeyer, 2008)

Vs
ATy

Jerusalem Viwardani Kwa Rueben

Figue 2: Aerial View Showing the Characteristics of Nairobi Slums

3.2.2. Urban Morphology of Slums and Formal Areas in Nairobi

UN-Habitat (2008argues that the most distinguishing morphological element used to differentiate the

guality of settlements in Nairdbithe presence of vegetation coagrslums have very little vegetation
compared to formal areas. The difference in morphology between slum arstilernahts Nairobi

is typicalas explaineh Sectior.2.1 Thenotable distinctive morphological attributes between slum and
formal settlements after lack of vegetation are high buildingegemsill building sizes and low building
heightsas they are the most explicit slum characte{®&tiat$ et al., 2017; Taubenbéck & Kraff, 2014)
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4. METHODOLOGY

4.1. Methodological Approach

The overall workflow provided Figure3, is structured in 3 stages following the objeati&astion 1.4
Stage 1 involved identifying and deriving flooding factors, both morphological aasl iRtfependent
and explanatory variables for the FSM. Stdgeu®ed on creating a flood inventory (flibdind ne
flood points(0)), acritical step in FSkBarkar & Mondal, 202 be used adependentariablesLastly,
flood susceptibilitwas modellenh stage 3.

Each stage is related to the next providing réssarch with a holistic approach, using various
methodologies and approaches to accomplish the research objectives. Objective 1 employed the use
morphometrics (urban morphology metrics) to quantify urban morphological characters related to flooding.
Objective 2 sought the use of Fast Floadrowser simulation toahd Citizen Science (CS) techniques

to create a flood inventory while Objective 3 employed a RF model for FSM.

Fast Flood SimulationRationale

Challenged bglatascarcity in flood information suek historical flood extents and flood depths, this
research drew upon Fast Flb@dnopensourcebrowser simulation tool developed in 2022dyyDen

Bout et al., (2023%ervingasa novel alternativier acquiring flood informatiohe purpose of this
approach was to derive substitute flood anfiond data needed for FS§iven the lack of such data
especially from historicgbvernment flood records and satellite imaegsyFlood simulation results were
combined with flood validatialatabased on citizen and expert percep(iGSsdata) to create the flood
inventory.Despite the existence of other flood models, physically based models that represent physica
processes that govern flooding sucB@enLisem are computationally exper(daa Den Bout et al.,
2023)compared to Fast Flop@hich offersa shortcomputing timeas it is 1500 times fasteencets
selectiorfor this study.

Random Forest ModelRationale

Following the FSM approachesLek et al., (2017); Lin et al. (2023); Pourghasemi et alRE020)
supervised ensemble Niodelintroduced byBreiman (2001yas usedo predict the mrbability of

flooding The preference for RF in this research was influenced by its wide usiriredateodelling in

the water resources field, its ability to handle imbalanced data, and its low sensitivity to multicollinearity
(Chen et al., 2020; Safdeghadam et al., 2023)

Additionally, RF can handle large and high dimensiona iataces challenges of overfitting related to
decision treenodels due to its characteristic of conducting majority voting eaghble of interpreting
complex nodinear relationships between flood explanatory f@€twreadi & Najafzadeh, 2021; Golkarian

et al., 2018; Yu et al., 2028preover given that RWwas highly preferreas itefficiently handles diverse
datasets from various sources, does not make statistical assumptions regarding the distribution of data a
has a higher predictive performgiBreiman, 2001; Prasad et al., 2006)

4 FastFlood | FastFlood website, free stiast flood mapping tool.
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4.2. Data and Data Sources

This research utilized both primary and secondary data at various stagediffarérfoobjectives.
Geaspatiainformation and data (secondary data) were obtained from global remote sensing and satellite
imagery datasdt®m sources such as Google Earth Engine (&BBE Open Topography. Primary data

such as flood hotspot points was gathered from residents and city experts during Tegde@dvklow

provides an overview of data aatbsourcesvith further explanatisprovidedin Sectiong.3and4.4

Table3: Overview of Data and Data Sources

Obj ecbata Required Source
1 Bui |l di Secondal/Googl e Op
Foot pr Buil di ngs
Fl Fs Digital El evat Open Topaoa
and derivative
aspect, rivers
accumul ati on
LULC GEE
NDVI
N D WI
NDB I
Rai nfall
Soi |l | SRI C
Wast e SLUMAP Pr
2 Fl ood |[FI ood points Pri mary/ Fiel dwor K
i nventNo#fil ood points FIl ood haz

4.2.1. Secondary data

As FSM necessitates tgeof relevant and effectiilood factos, an extensive literature reviesas
conductedto inform the selection gbertinentflood factors. Associated flood influencirgilding
morpholoy factors referred tdn Section2.2.3 werequantitativelyglerivedbased omuilding footprints.

FIFs based on data availability incladieeation, slope, aspect, curvature, flow accumulation, Stream Power
Index (SPI), Topographic Wetness Index (TWI), distamiseers, clay soil contehiand Use and Land
Cover (LULC), Normalized Difference Vegetation Index (NDWd)malized DifferencBuiltup Index

(NDBI), Normalized Difference Wetness Index (ND&vijrainfall

Factors such as drainage and waste identified to increase flooding were not used itoRE8M due
unavailability of drainage data andvaite waste datadste data wéimited to slums). Howeyehese
anthropogenic factors influence flooding hence their inclusion in the ranking of flood factdtseduring
fieldwork workshop@xplained Section4.2.3.

Input factors for thd-ast Flood SimulatigqffFS)such as elevation, land cover, soil infiltration and soil
moisture were automatically downloaded from their respective global datasets within.Fast Flood

4.2.2. Primary DataFieldworkData Collection

4.2.2.1. Participant Selection

Prior to fieldwork, a flood hazard m@apcalibratedyjassimulatedising Fast FloofbeeSection4.4.2.)
which formed the basis for selecting slum settlements to collect daGiviesmthe financial and time
constraintsit was not feasible to conduct fieldwork in all slums, thesdtoreselection was based on
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1 Highseverity ofloodingidentified from the uncalibratsithulation
Slums that are constantly faced wétfsh effects of flooding based on nepsrte

1 Slums with high SPI valueshagh values pose a great risk due to the strosiyecapabilityof
flowing water

=

Kibera, Mukuru, Mathare and Korogoegtereselected as thégfitted the criteridn collaboration with
Community Mappers GommunityBasedDrganization (CBGiffiliated wittSlum Dwellers International
(SDI), community leadersoim each settlement select®dparticipantto be involved in the fieldwork
activities Emphasisvas placed oansuringparticipantdiversityin terms ofage, gender, floadlated
knowledge and roles in the settlement (e.g. Red Cross disaster risinteshdditienallyto ensure
spatial representati@and coveragespecially for validatiathe selected participants were from different
villages within their settlements.

To addres$flooding in the formal settlements and @ity level 23 city experfsom Nairobi City County
Government (NCCG), NefsovernmentaDrganizatios (NGOs) such aghe African Population and
Health Research (APHR&Nd DI and academi¢sacceptedan invite to participate in the fieldwork
activitiesThe selection dheseinstitutionsard individualsvasbased on their existing relationskijth
Space4Alandtheir expertise in flooding in Nairobi.

4.2.2.2. Fieldwork Activities

Following a S approachflood validation and flood factor ranking were done using expert and citizen
knowledge(Molinari et al., 2019p determine the performanoé Fast Floodthe validity of the
uncalibrated FF&dunderstandhelocationspecific importansef the flood factors.

The participatoryactivities were conducted5 workshops1for eachslumsettlemenandl for the city
expertsAdditionally, bod locations were colleciadhe selected slums using My MapsdaoGoogle

based tool used for spatial data collection and handling, spearheaded by the Space4All project. The purpose
of using My Maps was to have readily available and easilyldluard data especiallfor thesettlemerst

with the additional benefit of increasing flood awarkmdksod rik measures.

Flood Validation: Using preliminary Fast Flood results (uncalibrated simulfitod),mapswere
generatefor Kibera, Mukuru, Mathare, Korogoalging thecity-scalesimulationTo validate the npa
smaller groupsere createith enhance actiy@rticipation from alharticipants wemdivided into 2 groups
of 5individualseach The groups were diverse, considering participant characteristicgendbrasge,
and theslum village of residence

Using marker pens, pins and sticky noteqattiieipants (slum and céypertsgketcled False Positive

(FP) and False Negative (FN) arpagointdlocations where structures typically get destogédod

hotspots givingshort descriptions difood characteristi@nd their impactseeAppendix ) Thereafter

each group presented their results explaining and discussing their validation processes and outcomes to the
largergroup wheretheg onf i r med each acswralkeer 6s results to be

Factors Ranking The flood factors wergrouped into/ broader and general groupsallowfor easy
understandings shown inAppendix 2Pairwiserankinga participatory approach, was used to tiaak
grouped factorallowing individual factors to be compared in a(aitely et al., 2007Jheranking was

5> Space4all (itc.nl)
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donecollectivelywhichallowed for the group to discuss and debate before ontihg most important
factor in a givepair. Moreover, it allowedll involved participants Wew their opinions providing more
contextVoting to determine the most important factor betweeren pair of factors was done by a show
of hands, with the factthiatreceiedmore voteschosen athe most important.

A pairwise matrix was used to analyze a specific (constant) factor against other factors, with the final rankir
based on the number of occurrences of the constant factor in its specific coompaonsonsge

Appendix3). To determinghe overall importance of the factors, the imgstrtant factor wagetermined
by majority votes and the least important factor by the least votes.

My Maps flood locations: 2 representatives from each slum were trained to collegsidgt®My Maps
to prevent inaccuracies as a result of userfdood. dataollectedvasbased on a defined attribute table
that detailed the type of information such as flood depth, duedtiorio beecordedby the residents
depicted imAppendix4. In aimsof benefitting frontheir local knowledge and experiences ctiiegted
flood locationshatare prone tdlooding based oprevious and reaeflood eventgas of April 2024).

Additionally, during fieldwork 2 transect walks, accompanied by residents, were conducted along the rivel
traversing Mukuru (Ngong River) and Mathare (Mathare River) to collect flo@hdep#ir locations

Flood depth measurements at various accessible points were carried out using ImagedMeter Pro
measuring application, using existing flood depth markings drénverRby Cross after extreme flood

events and the highest visible watermarks on buildings.

4.3. Deriving Flood Factors

4.3.1. Urban Morphometrics

Meaningfulnumerical measuremeunfsbuilding morphological characters following the morphometric
approach adopted Bteischmann et al. (20223sconductedusing building footprint€<5oogle Open
Buildings (GOB) datasih largescale opesource building footprint dataset, derived fromgigblution
imagery (50cm) was used to obtain building footpsimgGoogle Colabandwere inspectassing GEE

7. Theresearch usgdOB version 3 with inference carried out in May 2023 covering 58,006,600 km
Africa, South and SouHast Asia, Latin Americ@hesebuilding footprintavere generated usidgep
learning algorithmeesulting irconfidence score ranges of (@.6570), (0.8 0.75) and (> =0.75).

Momepy an opersource Python library with a repository of tools for morphometric assessments was used
to derive building morphometric charaétérselection of morphometric characters related to flooding
across 3 urban foroategoriegi) shape (ii) spatial distribution, and (iii) intensity recognegblgmann

et al. (2020yere computed asTrabled. However building density was implemented at the grid$exeel
sectiord.5.

60pen Budbwnhgad regionCpboblavooms coy @Pgioowmigse. com)

7 https://code.earthengine.google.co.in/467492e7eb648fbdd6e65540dcbfa0ab

8 http://docs.momepy.org/
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Table4: Computed Morphometrics
Mor phom|{Ur ban [Function/ For myUni ts Al i as
charact|categaqg
Orienta|Spati gmomepy. Orientat|Rangel [Ori ent a
Al i gnme |Di striimomepy. SharedWa|Rangel |[Al i gnme
Share w momepy. Alignmen Rangel |SWR
Nei ghbo momepy. Nei ghbor | Meter s|NDi
di stanc
Mean-i n| momepy. Meanlnte Meters|| BD
buil din
Buil din momepy. Building/Rangel [BuA
adjacen
Fractal |[Shape \momepy. Fractal D)Rangel |FD
di mensi
Covered|l ntengmomepy. AreaRati|Rangel |[CAR
rati o
Buil din Number of buildBuil di|BD

Ar ea 000 m
*Yal ues ftdmwser ¢ b alvrsthaa rreadt bwiag g e srtathiogh covered
*Yalues close to 1 for fractal di mension indic
*Yal ues clbagé dti m g0 afdgracency denote that buil di

Beforegenerating the measurements, fpaljigonsvere spliinto individual polyganand thelatasetvas
projectedinto a (local) coordinate system for calculation purpdssiag Voronoi tessellatign
morphological tessellations were created from the building fodqfplergshmann et al., 202&) the
smallest spatial divisioneywere used timentfy topological relationships between buildingsreadure
spatial distributiooharacter@~leischmann et al., 2021)

4.3.2. Flood Influencing Factors

4.3.2.1. Elevation Derivatives

Elevationbased factors such as slope, aspect, curvature, flow accumulation, TWI and SPI pabléled in

5, were derived from a Copernicus 30m DEM acquired from Open Topédpasbite the availability

of higher resolution DEMs such als0§ Plasawith a resolution 012.5m, the Copernicus DEM was

preferred as its processing was done to include the consistent flow of rivers and its higher accuracy detailed
in SectioM.4.2.1UsingArcGIS Pro, the DEM was reprojected to WGS 1984 UTM Zone 37S (EPSG
32737), followed by DEM processing to derive slope, aspect and curvaturesusiagelspatial analyst tool.

Using terrain preprocessing techniques, flow accumulation, SPI, TWI, and rivers were derived.

Following a heuristic approach for stream definition, flow accumulation values for generating rivers were
conditioned to an optimal threshold of 800 (flow accumulation pixel value) as the threshold captured major
rivers as well as significant streamsciafipen slums. Visual inspection using Google Earth highlighted

that the generated rivers had an offset from the rivers, a disparity presumed to be caused by the resolution
of the DEM. The distance to rivers (meters) was calculated usinglitearstiince taoArcGIS Pro as

informed byChoubin et al., 2023)

9 OpenTopographyCopernicus GLEB09 Digital Elevation Model
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The TWI was calculated using ¢héculate Topographic Wetness Index (TWI) using surface/ipiggameters to
SPI was calculated usingrémster calculatolino®icGIS Pro, both using the previously derived slope and
flow accumulation rasters based on the formula adapteSdvgen et al. (20E3) below

TWI = In(Adtant )
SPI = Aftant
Where:

As = flow accumulation/specific catchment area
I = slope (radians) = (slofegrees) 0.017453)

4.3.2.2. Sentinel and Landsat Products

GEE was used to access and derive NDWI and NDVI from the Harmonized 2evt8ieMultiSpectral
Instrument, LevelC 10 meters resoluti®fseelable5). A Lyear (2023/01/09 2024/01/01) composite

was generated to get the mean NDVI and NDWI values instesadgpvalues that are only present during
certain season$the year. The imageries used for the composite were based on scenes with less than 109
cloud cover to avoid interferericem cloud reflection

The reflectance in the né@rared (NIR) band (B8) and the reflectance in the red band (B4) were used to
calculate NDV{ Choubi n et al ., 2 0.2Bereadthe cefle€ancehndhe gneeu ardi
(B3) and the reflectance in the riefiared (NIR) band (B8) warged to calculate NDWDu et al., 2016)

using the following equations:

NDVI = (B88B4) / (B8 + B4)
NDWI = (B35 B8) / (B3 + B8)

Similarly, the mean NDBI values were derived fregearlLands#& OLI/TIRS composit€2023/01/01
02024/01/01) with a resolution of 30m, using scenes with less than 10% cloud coveragefrdheGEE
builtup index was calculated using the reflectance in the middle infrared reflectance (MIR) band (B6) ant
the reflectance in the NIR band (B&hetri, 2022)s below.

NDBI = (B63 B5) / (B6 + B5)

LULC for the study was derived fr@antinel ZSA WorldCover 10m v18@isingGEE at aresolution
of 10 meters.

4.3.2.3. CHIRPS Rainfall Intensity Product

CHIRPS3a 30+ year quaglobalsatellitebasedainfallproduct within-situ station dataaspreferred due

to its fine spatial resolution of @.@H/ich improves the efficacy of CHIRPS in capturing precipitation
heterogeneity, yielding better performgindeydrological modellifPhanesh et al., 2020sing a 5ear

10Harmonized Sentinr@l MSI: MultiSpectral Instrument, LeV€l | Earth Engine Data Cataldg Google for
Developers

11USGS Landsat 8 Level 2, Collection 2, TierBarth Engine Data Cataldg Google for Developers

12ESA WorldCover 10m v100 Earth Engine Data Cataldg Google for Developers

BBCHIRPS Daily: Climate Hazards Group InfraRed Precipitation With Station Data (Version 2.0 Ezanti)
Engine Data Catalog Google for Developers
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time range (2019/01/01 & 2024/01/01), the highest precipitatiofl15.194 mm/dgyrecorded on
2021/11/28 was used to generatgiddedrainfall intensity rastat a resolution of 5566m from GEE

4.3.2.4. Soil Data

Soil claycontent inpercentage was derived from the Soil and TBasabaséor Kenya (KENSOTER)

Version 2 at a scale of 1:1 million, compiled by the Kenya Soil Survey via the International Soil Reference
and Information Centre (ISRIC) World Soil Informatia¥ith soil properties such as texture and drainage
typically used fdiood mappingthe lack of datan such properties in a somewhat large section of the

study area was missing, with the only avatdildata for tle no@latadsection being clay percentage.

4.3.2.5. Waste Data

Waste data was acquired in a gridded format of 100m*100m from a land cover classification modelled from
WorldView3 2019VHR imagery using image segmentation an cBgsed Imagdénalysis (OBIA)

technique and RF classification by SLUNJAPRS projedor mapping and characterizing slums in SSA

cities.

Tableb: Derived Flood Influencing Factors (FIFs)

Dat a Dat a Type [Dat aset Al i as
1. Elevatiol|lDat aGleabal S 0 u rGEeE: El evati
2.Slope TypRaster Dat aGegerni 60ssS| ope
3.Aspect Re_sol:ut&'Oonm Digital El eva Aspect
4 Curvatur uni ts: . Curvatu
17 EIl evAAMe toe
5.FIl ow acc 1 S| dPegree FI ow_Ac
6.SPI ¢ Distancé SPI
7.TWI Met er s T WI
8. Di stance Di st Ri v
9.LULC Dat asé&tl obalSour c@EE LuLC
TypRaster Dat asestenBES A el
Resol aOmon:Worl dCover 10
Coperni80s DGO
El evati on Mod
10NDVI S o0 u rGcEeE: NDVI
Dat aB@&nrmoni z e (
1 INDWI 2 MS|I Mul ti SINDwi
Il nstr umdrct , L
12NDBI Dat aGled b al S 0 u rGcEeE: NDBI
TypRaster Dat ad®®S Land:s
Resol 80mon:Level 2, Col |
13Rainfall |[Dat aGledab al S 0 u rGEeE: Rai nf al
TypRaster Dat aGHItRPS dai
Resol 6666 m:{Cl i mate Hazar
UniMi:l I'i met|l nfraRed Prec
Station Dat a

14]SRIC Data Hub

15SLUMAP research projedvlapping slums with remote sensing (ulb.be)
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14Soi | cl atDat aGledb al SourlcSeRll C Dat aCLPC
Typwector Dat aSe®itl: and ]

Scal,eQ00, O0O|Dat abase for
UnibPtercent a|]( KENSOTER) , v
l15Wast e Dat als@&d al SourSddiMAP
Type Raster [Dat aWern |: d3/i lewa
Scal®m*100
| evel
UniPtexrcent a

4.4.  Flood Inventory Creation

The flood inventory procedures were difterfieldwork which entaildtbod validation anthecollection

of flood hotspot location§iven that the unit of analysis for this research was ataphgiiit level of
100m*100ntexplainedn Sectior.5, theinventory was created aftezflood factors werprocessed and
integrated into the gridrhis was undertaken to ensure that (i) the flood inventory points, particularly the
flood hotspots collected using My Maps intersected with their respective grid cells, and (ii) the correspondin
flood inventorygrid cellshad no missing values and belonged teupudtids.

4.4.1. Flood Sample Points

The flood sample points were combined from (i) flood points identified by experts during their workshop,
providing citywide level flood locations (both in formal and slum settlements) and (ii) flood points collected
in the selected slums using My Maps.idéntified flood points were based on historical and recent flood
(April 2024 events and totfed to 134 observed flood points, with 93 points from My Maps and 41 points
digitized from the expdibod validatioworkshop using ArcGIS Pro.

Upon intersection with the grid4,6 points intersected with the grid cells, indicating that 18 flood points
were observed in ndniltup areas. Tlse 116 flood grids wereonsideredsusceptible to flooding
regardless of flood depdind werdabelled as belonging to class tkeused for RF model training and
evaluation.

4.4.2. Noflood Sample Points

As standard practi¢&l-Aizari et al., 2024; Towfiqul Islam et al., 2021; Youssef et alar2€3@@xl number
of no-flood samples were generdiadedn a neflood extent simulated and calibrated using Fast Flood

4.4.2.1. Fast Flood Simulati¢RFS)

Elevation, land cover, soil infiltration and moisture data were automatically downloaded from their
respective global datasets within Fast Ridute rainfall dataassourced from a locdataset (s€able

6) were used to simulate a previous flood event. To account for upstream flooding, the catgittient area
River Basip illustrated inAppendix5 was included in the simulatidrhis allowed for rainfaltdriven
modellingwhich ensured that all the rainfall that contributed to the flood event was considered in the
simulation.

Table6: Fast Flood Input Parameters

Fast Fl oogFast Flood Data sourceData Type
dat a

El evati onCopern/ OpenTopoegr agGl ob|Type: Rast
CoperniB880s [data Resoluti on
Digital El € Uni t s: Me t
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LULCSWrfaCopern/ ESA Worl dCocGl ob|Type: Ras't

RoughnessWor |l d dat alResol uti on

(Manningsl10m pr

Rainfall [ TAHMO |About T-AHM({Loca|Type: Exce
TAHMO data station da

Uni t s: Mi |

Soi l infiiSoil Gr|Soi |l Gri ds25Gl ob|Type: Rast
data Resolution

Soi | moi s

Elevation: The Copernicus DEM was awtownloaded at a resolution of 40m to reduce the computational
demand as the catchment area was relatively large. The Shuttle Radar Topography Mission (SRTM) DEM
was not used due to its high vertical e\as Den Bout et al., 2028hich could have significantly

affected the flow direction, flood extent and inundation depthe simulatioras they are sensitive to

even minor errors, specifically in-levation aredblorritt & Bates, 2022; Simpson et al., 2015)

As elevation errors act as artificial sinks or obstacles that either retain or divert simulated flows, resulting in
misleading flood resulfsleadows et al., 202#)e Copernicus DEM was preferred since newer DEMs
derived from the TanDEM Mission such as Copernicus have better accuracies and are highly
recommendetbr flood mappindollowing vertical accuracy assessment studies such a$/eaedys

et al. (2024)

Surface Roughness Manningsthe frictional force applied by the terrain on flowing water determined

by |l and cover capt (Wanddén Bowg ét al.g203®es nsed imtlye 3-ES tovaacbunte

for the different surfacernf f and di scharge responses of wvarious
used in thé-FSwere default values provided by Fast Flood after automatically downloading land cover

from the European Space Agency (ESA) World Cover 10m land cover dataset.

As the default Manningds values were seen to corr
the LULC 202ESRI provided bgoliman et al. (2022)esented idppendix6, the default values were
used as provided in the simulation.

Rainfall: Rainfall parameters such as duration, intensity and rain shape were generated using the rainfall
analysis tool in Fast Flood based on precipitation data (mm/hr) acquired from tAdriCeamblydre
Meteorological Observatory (TAHM&)ver 5 years from January 2019 to January 2024. The precipitation
measurements fortl®ay 2021 were used for the FFS as:

1. The precipitation resulted in significant flooding explained to-ibebgyéar event bjuma et
al. (2021)

2. The precipitation event h#te highest rainfall peak of 62.017/lmmwvith a total precipitation
of 100.74 mm.

3. The precipitation date was usedltayd mappingn Kibera byJuma et al. (20233rifying that
it was an extreme event.

16 About TAHMO - TAHMO
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Using (i) a commseparated value file, with hourly rainfall measurements and (ii) 99% of the total
precipitation in the rainfall analysis (as it produced a representative rainfall peadf B2at8tym/hr

similar to that of the precipitation event). The analysis tool pravaiethll intensity 010.103 mm/hy
duration o hoursand rain shapaf 3.105as rainfalparameters for flood simulatidkppendix?).

Soil data: Soilinfiltration and moisture information awtownloaded from SoilGrids for the FFS used
default soil depths ofB5cm. Howevethe majority of the builtip area did not have soil information as a
result of soil sealing and the presence of thiassnidted byan Den Bout et al. (2023he FFS relied

on the defaulnfiltration and moisture rates provided by Fast Flood.

Two FFS werenodelled an (uncalibratedintermediatd=FSused forfieldworkflood validationand a
subsequer(talibratediFSafterfieldwork

FFS Validation

The validation of the FFS employed a fusion of quantitative and qualitative validation techniques from both
primary andecondary data sources. Validation was carried outmaiceincalibrated simulation amd

a calibrated simulation. The uncalibrated simulation was validxtesiriy €kpert and resident knowledge

and expertise as explaiime8ection4.2.2.2and (ii) comparing the simulation flood extent and depth with

the location and depths of the observed flood points obtaineMirdvtaps and the transect walks.

After calibrationthe calibrated simulation was validated using a salbskitged flood extemicquired

from UNOSAT usindPLEIADES imagery (50cm resolution) for a flood event that occurred in May 2024.
Validation was performed ioentifying th&rue PositiveT(P) (commonareas between the satellite flood
extent and the calibrated F:FR1ditionally, provided with a hydrodynamic flood modeifmera, FFS
validation was also done at a Il using Kibera slum.

Kounkuey Design Initiative (KD{)an internationdlGO working on projects in Kiberdarough one of

their PhD studentduma et al., (2023rovided the SpacedAll team with a flood model for Kibera. The
flood model was modelled usinga 1D/2 HEB S mo d e | using a 5m Li DAR D
N, andprecipitation measurementsI8h May 202, making it suitable for benchmarking as both the KDI

model andtalibratedFS modelled the same event. Similar to the satedkiteved flood extent, the TP

areas between the hydrodynamic model and FFS were derived.

FFS Calibration

Theflood hotspotpointscollectedusing My Mapésee Sectioh.2.2.), were used as input for calibration
as they contained flood depth informatseAppendix@). Flood depth was recorded using different parts
of the human bodwpuch as the ankle, knee, waist and dbewead level as it provided residents with
visual estimations and references for measuring and describing depth le{®ysetadily202@lood
depths wereonverted into quantitative flobeightsof 0.10, 0.50, 1.2 and above 2 meters respectively
before calibratigrfollowing a similar methodologylluke et al. (2018)

Sensitivity analysis, the most important part of calibration was implemented to examine the interactior
between model parameters and the obtained simulation( réstaligs 2016)Calibration was carried out

usingd variations for i nf i éathctosenan neguiamindervdssbatweem5§% 6 |
and 150% of theoriginal value@/an Den Bout et al., 2023% simulations for each unique combination

of the two parameters were done based on the intervals of original values and the number of calibratiol
parameters.
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The optimal parameter settings (multipliers) provided by the calibrationygmeless5 f or Manni ngs
0.5 for infiltration(seeAppendix8), whichwere used to calibrate theermediatsimulation to produce a
calibratedlood simulation

4.4.2.2. Classification of flood and no flood extent

The calibrated FFS was classified into five depth rangéslaf) 0.120.45m, 0.49.0m, 1.€..7m and
above 1.7m borrowing froBanders et al. (202Bgpths ranges of@03 and 0.68.11 were merged since
depths below 0.03m are considered nuisance flooding due to theww lergl of inundatiofMoftakhari

et al., 2018Yarious studies employed different depth thresholds suchnash9L30 et al. (2023nd
0.10m byWard et al. (2018yguing thathe thresholddepthshaveminimal impact on livelihoods.

As this research usBdnders et al. (2028pd classification deptland the 0.10m threshold being widely

used, 0.11m was used as the flood threshold in this research being the lowest hazard level and close to the
0.10m threshol@hus, depths below 0.11m were consideredfémodakpthsand labelled as O creating

a binary map extent of 0 andvith 1 being the flood extent of depths above 0.11m

4.4.2.3. Extractingho-flood grids

The noflood extent from the calibrated simulation was intersected with the 100m*100m grids te create no
flood grids based o n-floodgedsformadelmaining, wesescieaied by exclodihg r e & 1
the known flood grids from the overalidgrwhich comprisecthe 116 flood sample grids and grids

intersecting with slum polygons known to floadney Kibera, Mukuru and Mathare

Using a kmeansgridbasedclustering approach, the resultant diafter excluding flood gridejere
clusteredisingelevatiorfollowingan approachyWang et al. (202®) get neflood grids However, given
thatWang et al. (2023)secdhighelevatiorareas, this study used all the elevation clastbo®ding was
reported(by the city expert8) occur even ihighelevatiorareasAdditionally it wasone ofthe most
importantflood factorsin increasing floodingovided by residents and experts.

The elevation data was scaled and normalized before cl{dsediog et al., 201&) prevent the influence
of outliers on the optimal number of clusters create@ ygbrithnfJoshi et al., 202B)elevation clusters
were created informed by the elbow method-{gaee4) andexploration of 3, 4 and 5ckuster resugt
Stratified random sampling whasnused to select an equal number efload grids per cluster (23) to
complement the 116 flood grids.

Elbow Metheod for Selecting the Optimal K-Clusters

40000

30000

Inertia

20000

10000

T T T T T T T
0 5 10 15 20 25 30
Number of clusters

Figured: Elbow Method Determining Optimal®lusters
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4.4.3. TrainingSampleGrids/HoodInventory

The flood grids and ritood gridsvere combined to create training sample grids totalling to 231 grids. The
flood points obtained from the experts eggidents were not based on any spatial selection, but rather on
areas that flood regardless of flood depth. Consequently, the distribution of the flood points varied acros:s
the study area resulting in cluster imbalance, with some clusters havingimpgittaj than others due

to the flood grid imbalanes depicted iAppendix 6.

4.5. Data Preparation and Processing

The unit of analysis used for this researchtvegsid level of 100M00m asgrid cell delineation is more
dynamic and adaptive tbstinguishdifferent buikup form typologies compared to administrative
boundariesinceit considers the physical layofitities(Marwal & Silva, 2023)dditionallyjn spatial
analysiggrid cells provideregh degreefepatiagranularitghat allows for the recognitionseibtle spatial
patterns and relatigngith the 100m*100m grid sizenforming to most global datasetsd protecing
population privacgKuffer et al., 2021)

The gridwas ceatedn ArcGIS Pro usinthe Grid Index Featueerencing a 100m resolution snap raster,

to ensure alignment between the grid anBlferasterdatasetsesampled into a 100m resolution using

the same shap rastBne building morphometrics (vector), and the FIFs (vector and raster) were combined
at a griecell levelassigning flood factor attributesackgridcell The morphometric dataset was spatially
joinedto the grid with each grid ceteceivinghe mean value tte building footprint8morphometrics
presentwithin specific grid call

The FIFs derived in their respectiesolutions werfirst resampled into resolutoof 100m using a snap
rastemefore beingntegratednto the grid. This ensured alignment between the rasters and the grid, which
would have otherwise resultednisalignmentue to overlapping raster extebising theExtract Values

To Pointeol in ArcGIS Pro, the raster values were extracted to theegtididsand concatenated with

the other flood factorsit eachgrid cell Soil vector data wasersected with the grid cells assigning each
cell with soil data

4.5.1. Data Cleaning

With a focus omrban morphology specificdilyilding morphology, nepuiltup grid cells were discarded
from the grid. Additionally, grid ceiligh null values ane®999 values (no data) were also removed from
the grds resulting in a total number of 42,020 grids.

4.5.2. Data Splitting

Prior to model training, the 231 training sample grids were split into training and testing sample sets usin
the spatial block technique adopted fianoney et al. (2023yhich resulted in spatially uncorrelated
training and testing set. Informed by the distribution of the training sample grids, a grid of six rows and six
columns was created to form the spatial blocks, blocks that did not intersect with any traengrgdsampl

were dropped to prevent training and testing blocks from having no d&igagin

From the uppeleft corner, moving horizontally across each row from left to right starting from the upper
left block, every 3rd block was selected to be a testing block as seen iffrigpllet: isfter the iterations,

146 samplgrids (14patial blocRsvere assigned to the training set whsa@pleoints(6 spatial blocks

were assigned to the testing set.
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Figures: Training and Testirgata Splitting

4.6. Random Forest Modelfaining and Evaluation

RF classification wasonductedusing the Scikltearn library inthe Python environment. Flood
susceptibility prediction was conducted uingdels, where Model 1 utilized all the flood faetbile
Model 2 utilized the FIFF0 boost the performance of the modigiserparameters such as the number
of trees( n _ e s t,themzaxinoum siymber of features for node splitimax featuresthe maximum
level of each decision t(egax_depth}he minimumsampleequired tesplita nodgmin_samples_split)
andtheminimumsamples required in a leaf n@di}m_samples_leafere optimize(Al-Aizari et al., 2024)

A grid search crosslidationtechnique of five foldswas applied for hyperparameter optimization on a
defined grid of candidate values (shown below) to derive therfi@shing parameter set

N estimators : [100, 200, 300, 400, 500]
Ma x _f erat[usrgerst ]
Ma x _d:e p[t hO, 20, 20, 40, 50]

2

Min_samples_split: [2, 5, 10]
Min_samples_Ileaf: [1, 2, 4]
Random_stat e: [ 42]

The bestparametesetswere then used to train the models by fitting the algstiththe 146 binary

classified trainingrid sampleg0 and }, while the 8%inarytesting samples were usecvaluatehe

performance of the modeT he robustness and classification accuracies of the models were evaluated using
statistical measures such as overall accuracy, recall and precision, which were calculated based on the True
Negative (TN), False Positive (FP), False Negative (FN) arfeb3itive (TP) parameggiChen et al.,

2020; Pourghasemi et al., 20280)g the formulagivenbelow:

Overall Accuracy = TP + TN/(TP+TN+FP+FN)
Precision = TP/(TP +FP)
Recall = TRTP + FN)
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Where:

U TP andTN = correctly classified instances
Ut FPand FN =incorrectly classified instances

Feature importance was calculated by the RF paeleisnining the hierarchical importance of the
contribution of each floofhctor based on the mean decr@a&ini impurity. Theflood factas ranking
results from the workshops which represented local flood dyrexplizséih Sectiort.2.2.3 were used

to compare and evaluate the RF feature importance lists.

4.7.  Susceptibility Prediction

The 42,020 grids generaasdexplaineith Section4.5.1 wereused as a predictor set and were fitted to the
trained modejsvhichpredicted the class labels of the unlabelled grid celfiaxirar flood. Using the

predict probability function (predict_proba), the probability scores of each grid belonging to its predicted
class were calculated based on a threshold of 51%pasmalix9, with scores above 51% belonging to

class 1 and vice versa.

The susceptibility values were classified using natural breaks and interpreted categorically, ranging from v
low susceptibility to very high susceptibility which were then used to assess the degree of flood susceptibili
between slums and formal settats. The influence of urban morphology on flood susceptibility was
assessed by comparing the model performances and flood susceptibility maps of both Models 1 and 2.
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5. RESULTS

5.1. Flood Factor§independent Variables)

5.1.1. Building Morphometrics

High values of Shared Wall Ratio (SWR), Covered Area Ratio (CAR) and Building Density (BD) and low
values in Building Adjacency (Bafddepicted in reds inAppendix 1, are seen to explicitly delineate

slum settlements. Lower values of BD are dominantly observed to be in East, Southwest an@fNorthwest
the city.

Buildings in the East and Southwest have large distances between each other as illustrated by the Building
Neighbour Distance (NPand Mean Inteluilding Distance (IBD) metricsAppendix 1, with themean

distance between buildings being 23.36m dsgh22spectivelyseeAppendix10). It is observed that

high values of SWR, CAR, BD, and low values of BUA in slgrisbera are associated with small
distances between buildings. In comparis@ome formasettlementsuch as Kilimani and Kileleshwa,

lower valuesfo SWR, CAR, BD, and higher values of BUA are also associated with smaller distances
between buildings asernin Figures6.

Building Neighbour

Building Densit
Distance uilding Density

[ 0.00-0.00

N 0.00- 15,00 L BB Kileleshwa
1 15.01-31.26 0.01-0.00 s
31.27 - 56.01 0.01-0.00

1
1

56.02 - 95.44 0.01-0.01

Ananasen
[ 95.45 § 198.99 - 0024002 H O mEEeE
!l'fu_ e cNmaERT R
7 i R
R = '1{%11‘-: E

Scale: 1:20,00(

-

Figure6: Relationship between Building Neighbour Dist@iog andBuilding DensityBD) in Kibera
Slumand FormaBettlement&Kilimani and Kileleshwa).

With Fractal Dimension (FD) having a mean value of 1.034 and a low standard deviation of 0.042 (see
Appendix10. The majorityof buildings in Nairobi are assumed to have regular $hdipated byhe

mean valugebeing near ,limplying that buildingeave minimal departure fromEuclideangeometry
(Taubenbdck et al., 2019)

5.1.2. FloodInfluencing Factors

TheElevation values for the study area ranged from 1,462.05 to 1,933.98 meters, with most slums found in
the Elevation ranges of 1,573.69 and 1,610.89 meters (depicted in green and darkAppenjlixslin
The mean Slope was 3908ith the highest slope value of 25.648nd in the Northwest. The mean

30



The Influence of Urban Morphology on Flood Susceptibility in Slums in&daata Environment Using Machine
Learning

distance to rivers is 303.394 mgseAppendix10), with most slums observed to be located along and
near rivers.

High values of Flow Accumulation and &Bbbserved to be associated with proximity to rivers and vice
versa, where the shorter the distance to rivers, the higher the values of Flow AccumulatiGgeand SPI
Appendix 1). The LULC shows th#&te majority of the city is builtp, with vegetation/tree cover maostly

in the West. The mean NDVI value for the study area is ,0M@20the least NDVI (negative values)
located in slum settlements.

Interestinglya direct relationship is sdmweerdevatiorandNDVI and a hegative relationship between
Elevation and@W!I. Asdevation decreases from West to East, NDVI decreases in the same manner (from
West to East), whilst TWI values increase, implying that the logevakien the higher the TWI values

as inAppendix 1.

5.1.3. CorrelatiorAmongst Flood Factors

The relationships between independent variables were analyred g t he Pear sonsods ¢
in Appendix 2 to understand the relationship between variables. The morphometric variables showed
strong positive correlations among NDi, IBD and ,Bui#h CAR and BDhavinga strong positive
relationship of 0.87.

The strongest negative relationshi® 86 is observed between NDVI and ND¥Jggesting that higher

NDVI values are associated with lower NDWI values. Conversely, NDVI and NDBI had the strongest
positive relationship of 0.75. Curvature, FD and distance to rivers were seen to have weak correlations wi
other variablesasshown by their low correlation values.

5.1.4. Covariance an@orrelation betweérariables and Flood Classes

To understand how the variables relate to the fdmmds the covariance and correlation were done,
providing a comprehensive overview of which variables are strongly related tofloodiogding SPI

and Flow accumulation had the highest positive covariances of 1337.48 and 1238.55 respectively depict
in Appendix B, with distance to rivers having the highest negative covarigfcg of

According to the correlation results, CAR, B SWR are portrayed to have significant magnitude
towards flooding given their high correlatimn0.51, 0.40 and 0,36spectivelyseenin Figure7. BUA

IBD and distance to rivers showed strong negative relationships with flooding indicated by their correlations
of -0.55,-0.47 and0.47 respectively. Buildiogentation, elevation, curvature and soil clay content had
values closer to 0, implying either minimal or no linear relationship to flooding based on the data.
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Correlation of Flood classes with independent variables
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Figure?: Correlation of Flood Factors with Fldaabels

5.2. Flood Inventory

The Fast Flood uncalibrated simulation shovpjirendix # shows extensive flooding in various parts of

the study areas with a maximum flood depth of 17.51m. The flood depths on the Western side are seen to
be low compared to the Eastern side which has depths above 1.7m. High flood depth values are seen along
themajor rivers, where most of the slums are loddéede observing that the slums are more exposed to

fluvial flooding.

5.2.1. Fast Flood Calibration

A new simulation was run usiMyg Mapsflood observation points (91 points) resulting in a maximum

depth of 16.47m, indicating a maximum depth decrease from the uncalibrated simulation. The simulation

with observation points weeencalibratedisingmu | t i pl i er s of 0.5 and 1.5 for
respectivelyesultingn a calibrateBFS with a maximum depth of 13.82m illustifaitpaeS8.

The calibrated simulation had lower flood depths compared to the uncalibrated simulation with a difference
of 3.69m between tinenaximum flood depths. Even after using observed flood fmmatsd far from

rivers to calibrate the simulation, both simulations were seen to dominantly capture fluvial flooding. Despite
the decrease in depth, the extent of the calibrated simulation significantly reduced in thegitastern
compared to the uncalibrated simulatisrseen iAppendix b.
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CALIBRATED FAST FLOOD SIMULATION 13th May 2021
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Figure8: Calibrated Fast Flood Simulation
5.2.2. Fast Flood Validation

5.2.2.1. Validation of the Uncalibrated Simulation

The uncalibrateBFSwas qualitatively validated in the field by both experts and slum residents from the
selected slums. The stakeholders claimed that the simulation did not capture localized flooding with som
inaccuracies in fluvial flooding extent. In some areas aifrtheettlements, the residents claimed that the
simulated flood extents were over or usidaulated. Additionally, dozens of collected My Maps flood
points did not overlay with the simulated flood extent, especially in Hdveeaier they confirmed the
fluvialFFSas a true depiction of river flooding

5.2.2.2. Validation of the Calibrated Simulation

The calibrated simulation was compared with an observed satellite flood extent capturet] 202Kay 1

by getting the Fextent areadenoted in green Figure9. The Eastern region is seen to experience much
flooding as observed in both extedditionally, apart from capturing some of the urban floods in the
Eastern region, the satellite imagery was only able to capture minimal fluvial flooding along major rivers.

The TP extent covered an area of 29 tith the UNOSAT extent within Nairobi covering 238 &md

the calibrated FFS occupying an area of 8 Akigiitionally, upon further inspection, the UNOSAT fluvial
flood extent was minimal compared to the Fast Flood fluvialeftbent Additionally when compaéng
usingthe MyMapsflood pointsin Korogocho and Mukur(as they were tlanly selectedlumsobserved

by the UNOSATilood imagery theflood areas missed the FFS were also missed by the satellite extent.
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VALIDATION WITH 1/05/2024 UNOSAT FLOOD EXTENT

Calibrated Fast Flood Extent with True Positive Flood UNOSAT Simulation with True Positive Flood
Extent Extent

Legend N Legend N
= Nairobi Fast Satellite A = Nairobi UNOSAT  Satellite

True = Flood Extent True == Flood Extent
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Figure9: Validation of Calibrated Model with Satellite Observed Flood Extent

The KDI Kibera urban flood map modelled usitEC-RAShydrodynamimodel captured finer details

of urban floodingsuch as flood occurrences along roads as illustritgdrgl0 Additionally, the flood

extent of the hydrodynamic models larger compared to the FFS with higher depths, especially along
rivers. The highest depths of the FFS are observed to be along the lower river entering the Nairobi Dam,
with the Nairobi Dam also having high depths.

The golf course bordering Kibera is seen to have high flood depths of above 1.7m according-to the HEC
RAS modelHowever, in comparison to the FFS, the maximum depth is observed to be 0.45m, resulting in
a difference of 1.25Moth simulations did not capture the flood extent of some flood points purported to
frequently experience flooding ag-igure1Q Additionally, the FFS in the Easteegionof Kibera

captured more flood areas and had larger extents compared to{RAS Edel.
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FigurelQ Kibera Slum Validation Against Kibera FHEAS Flood Model

5.2.3. Sample Training Grids

Appendix & shows that the nfiood grids were spatially distributed across the study area, with an equal
number of grids in each elevation cluster. Majority of the flood grids were in the slums where the My Maps
exercises were conducted, as seen in clusters @. Zbachumber of flood grids in each cluster varied

with cluster 2 having the highest number of grids (42 grids) and cluster 4 having the least number of grid
(4 grids)as inAppendix Z. The variations in the flood grids resulted in an imbalance in the number of
sample training grids in each cluster

5.3. Flood Susceptibility

5.3.1. Data splitting

The splitting technique divided the study area into different spatisleniapping regions, resulting in
spatially uncorrelated training and testing grid sets. The splitting resulted in 146 training grids and 85 testir
grids as inTable7, with each training and testing block capturing the different diversity of features in the
study area, ensuring that the model did not learn tpe&verm in specific spatial regions. As a result of

the split, the training grids had more flood gridsrib#@lood grids while testing grids had mordload

grids than flood gridssseen imable7.

Table7: Distribution Split of Sample Training Grids

FIl ood Gri d{Nofl ood griqTot al N {
Sample Trai|1l1l6 115 231
Trai Gfr nds 76 70 146
Testing Gri |40 45 85
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5.3.2. Model B All independent variables

As Model 1 used all the variables, the grid searchalidaton fitted a total of 1125 fits for 225 candidates,

yielding a best cresgalidation score of 0.753. The best RF hyperparameter combinations for Model 1
provided inTable8 with arandom state of 42 for reproducibjligsultedn an overall accuracy of 84.71%,

a precision score of 0.935 and a recall score of 0.725. The feature importance for Model 1 presented distance
to rivers, SPI, BUA, IBD and elevation as the top 5 important features. Flow Accumulation, clay soil content
(CLPC) and LULC were implied to have minimal influence on flood suscepas$hiifigurel6

Figurel2 depicts that low susceptibility values are mostly seen in the EastieSbatid Northwest

regions of NairobiHowever,in these same areas of low susceptibility, high susceptibility values are
witnessed along the river systems which relateshightiraportance of distance to rivers. Observing that

areas near rivers are very susceptible to flooding, slum settlements are also seen to be highly susceptible to
flooding, though, just not in slum areas thatlase taivers.

A comparative analysis betwéangemi and Kawangware slums and Loresho and Masiwa formal
settlementexhibit that low BuA and high CAR that characterize slums asthgity settlements have
moderate to high susceptibilities. Whereas formal areas with higte Blepicteth Figurellare exposed

to very lowmoderate flood susceptibilities

Flood
-0.44 Susceptibility
-0.59 I < 0.25 Very low
-0.72 W 0.26-0.37 Low
-0.83 ' 0.38-0.51
-1.00 . Moderate

"~ 0.52-0.69 High

B > 0.70 Very high

Building Adjacencyranges from-Q, with
values close indicating buildings are close t
each other

Suscetibility ranges from 0-1, withvalues close
to 1 indicatingyery high susceptibility

Figure1l Relationship between Building Adjacemy Flood Susceptibilitieetween Kangemi and
Kawangwar8lums and Loresho and Masiwa Formal Settlements
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MODEL 1 FLOOD SUSCEPTIBILITY MAP
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Figurel2 Model 1 Flood Susceptibiltap

5.3.3. Model dUsing theé-IFs variables

While training the model using the 14 FIFs variables to predict susceptibility, the grid search technique
similar to the one employed in Model 1 provided a best validation score of 0.760. The best hyperparamete
combinations for Model 2 providedTiable8, resulted in an overall accuracy of 71.76%, with a precision
score of 0.833 and a recall score of 0.5. The top 5 important features were distance to rivers, SPI, elevatic
NDW!I and curvature depictedfiigurel6, with theleast important FIFs being the samie &odel 1.

The predicted susceptibility illustrateéigurel3 is observed to be strongly influenced by the distance to
rivers, with areas in proximity to rivers being more susceptible to flooding. Areas near rivers in the Easter!
region(formal settlement areas) had high to very high susceptibilities.

In both Model 1 and 2, flood susceptibility values are seen to increase as elevation decreases (from West
East) up to a certain location, where, as elevation decreases flood susceptibility dedkppseslias in

11, Figurel2 andFigurel3 Moreover, despite higher TWI being associated with increased flooding, the
Eastern region does not conform to this relationship implying that TWI does not heavily influence flooding
in the East.
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MODEL 2 FLOOD SUSCEPTIBILITY MAP
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Figurel3 Model 2 Flood Susceptibility Map

Table8: Random Forest Hyperparameters and Accuracy Metric

Mode|Variabl/lHyperparamet gOveralPreci JRecal
used combinations |[Accur @
1 Al n_estimators:0.84770.935|0. 725
Max features:
Max_dept h: 14(
Mi n_sampl es _ g
Min_sampl es |
Random_state:
2 FI Fs n_estimators: 0176 038 0.5
Max features:
Max _depth: 1
Mi n_sampl es 9
Mi n_sampl es |
Random_state:

5.3.4. Differences iModelPredictions

Susceptibility values in slums in Model 2 are observed to be lower compared to the susceptibility values in
Model 1, with similariti@sslum areas near rivers being very highly susceptible to floodHigui®4).

Formal areas such as Langata in the Southwest region in Model 1 predominantly h@modasatew
susceptibility with exceptions in areas near rivers, while in Model 2 the susceptibility values range quite
higher.
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Figurel4 Comparison Between Model 1 and Model 2 Predictions in both Formal and Slum Settlements

Based on the 51% threshold probability of an unlabeled grid belonging to a particular flood class label
Model 1 had 8,425 flood grids with Model 2 having the highest number of predicted flood grids of 10,852
(seeTable9). The disparity in predicted flood grids critically infers that the exclusion and or inclusion of
the morphometric variables affects the prediction outcomes. However, as much as Model 2 predicted mor
flood grids by relying on FIFs, its overall acc(facy6%) is significantly lower than that of Madel 1

Table9: Grids per Flood Classification Prediction

Mo d e | FIl ood Class Predicti
(based pmomatbilld ty threshol d

Number of fl ood Number -fdfoordo gri ds (

1 8,425 33,595

2 10, 852 31,168

on
of
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5.4.  Flood Susceptibility iRormal and Slum Settlenrsent

With formal areas being grids that do not intersect with the slum extent, the bokiglatsliidepict
high slum flood susceptibilities with median susceptibility values of roughly 0.65 in Mdalébsinand
Model 2. In formaettlementdhe median susceptibility appears to be consistent in both modeésawith
susceptibilityalues of approximately 0.3, which is significantly lower than in slum areas.

Susceptibility with Morphometrics (Model 1) Susceptibility without Morphometrics (Model 2)

1.0 o 1.0

0.8 0.8

e

o
e
o

o
S

Flood Susceptibility
=]
£~

Flood Susceptibility

0.2 1
0.2 4

0.01

Forﬁ'nal Sll.;m Forr"nal SIL;m
Settlement Type Settlement Type

Figurels Flood Susceptibility Comparison between Formal and Slum Settlements (Model 1 and 2)

In both models, the Int€uartile Range (IQR) is wider for slums, showing more variability indicating
broader ranges of susceptibility wakuggesting that some slums or some slum areas have lower or higher
susceptibilities than the median. Formal areas in comparison, have narrower IQR, revealing that
susceptibility values are close to the median value and closer to each other.

However, as formal areas are seen to be least susceptible, the outliers suggest that there are some formal
areas with extremely high susceptibilitith, the majority of outliers seen with the inclusion of
morphometric variableBhe outliers are seenhigh-densitycompactreaswith some aredscated near

rivers. Slum susceptibility ilModel 1 is portrayed to be higher given the inclusion of morphometric
variables, compared to Modghfrmed by:

1 The higher minimum susceptibility value depicted by the lower whisker

1 The IQR(representing 75% of the slum grids) having susceptibility values of approximately 0.45
to 0.8, compared to values of approximately 0.3 to 0.75 in Model 2.

5.5. Comparison dRFFeature Importan@nd CS Feature Ranking

Using Model 1 as it is the main model, building in low areas and near rivers representing elevation, elevation
derivatives and distance to rivers were ranked as the most important factors that cause flooding at a city
scale level (experts voting) and lreka with a score of 6 votes aBigurel7. Coincidentally, distance to

rivers, SPI and elevation were rankedsthiadland 3 most important variables by the RF algorithm.

Morphometric factors such as the arrangement of buildings, the density of buildings and the area covered
by buildings were ranked as the5% and & influential factors with 3, 2 and 1 votes respectively, by the
experts for both slum and formal areas. Arrangement of buildings encompassing spatial distribution of
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buildings, building orientation, alignment and fractal dimension had the highest votes in Mukuru and
Korogocho (4soted and 2/otes in Kibera

Model 1 Feature Importance (All Variables) Model 2 Feature Importance (FIFs Variables)

DistRivers o |
Pl 4 DistRivers
BUA 4 SPI
IBD 1 .
Elevation - Elevation A
CAR A |
Rainfall | NDWI
NDWI A Curvature
Curvature
Slope | NDVI
Alignment Slope -
BD -
NDVI 4 TWI A
FD A ’
Wi Rainfall -
NDBI Aspect 1
NDi §
Orientation 1 NDBI
SWR - |
Aspect | Flow_Acc
F|0W7ACC T CLPC
CLPC A
LULC A LULC A
0.00 0.05 0.10 0.15 0.20 0.00 0.05 0.10 0.15 0.20
Importance Importance

Figurel6 RF Model 1 and 2 Feature Importance Lists

Ranking of Flood Factors using Citizen Science

Building in low areas and Near IV e

Blocked drainage Dy WWa sy s

(Poor soil) Soil porosity

Arrangement of building sy ————————

Density of building s e ——

Area covered by building ==

Lack of green spaces

0 1 2 3 4 5 6 7
Number of votes

m Experts Mukuru Mathare m Korogocho m Kibera
Figurel?: Citizen Science Pairwise Feature Rahlkpgrtances
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During fieldwork, the most common flood incidences were reported to be along rivers proving that distance
to rivers significantly contributes to heightened flood risks. Buildings were seen to be built either on the
same ortelevated levels in floodplains, with some buildings constricting the rivas gatn iRigure

18

Figurel8 Distance to Rivers in Slums

Building adjacency and mean ibtélding distance both relating to the spatial distribution of buildings
were rankedr®and 3 by the RF algorithm shownRigurel6while the arrangement of buildings ranked
3rd in Mukuru and Korogocho (degurel?).

The area covered by buildings was ranked a$ ihgp@rtant influential flooding factor in Mathare,
Korogocho, and Kibera and at a city scale level similar to the ranking of CAR by the RF akjgutbm in

16 Interestingly, Mathare was the only settlement that highly ranked the lack of green spaces, assigning it
with 4 votes, tying atd®place with arrangement and density of buildings, while lack of green spaces was
ranked as the least important factor by experts.

To quantitatively analyse the factor blocked drainage by waste, slum waste data was acquired from SLUMAP
research projeéin 2019 a project that employed RS for slum mapping and characterizationitie SSA

The analysis exposed Mukuru as having high amounts of waste across the settlement, especially along the
main river system. Furthermore, Mathare and Soweto slums had areas with very high percentages of waste
ranging from 12.6%32.64%, compared to other slums, also found along riveFsgaséh9.

Kibera is seen to have lower percentages of waste, with the highest percentage of waste levels being in the
2.16% - 5.39% category. Comparing the amount of waste in the selected slums, blocked drainage by waste
ranked ® in Kibera andslin both Mathare and Mukuru, reflecting the proportion of waste in the slums

as seen iRigurel9 Moreover, areas with high levels of waste were also seen to have high values of flood
susceptibility, especially in Mukuru.

7 SLUMAP research projectMapping slums with remote sensing (ulb.be)
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PERCENTAGE OF WASTE DISTRIBUTION IN NAIROBI SLUMS
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Figurel9 Percentage of Waste Distribution in Nairobi Slums
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6. DISCUSSION

6.1. Role of Urban Morphology on Flooding

The differences in the overall accuracies between Model 1 (85%) and Model 2 (71.76%) suggest that despite
FIFs being crucial in determining flood susceptibility, flood prediction solely using FIFs has limited ability

to capture the complexities of urbaoding. The lower predictive performance of Model 2 provides
evidence that FIFs do not account for miopmgraphic features that govern flood flow dynd®étaei

Moghadam et al., 20ZBhese micréopographic variations often result from anthropogenic modifications

to landscapes and landforf@irico et al., 202vhich aggravates hydrological dynamics and processes
(Douglas, 2011)

The novelty of including building morphometrics in FSM in Model 1 and the improved model accuracy in
flood susceptibility prediction, suggests that its incorporation accounted foopographic features
relating to building developments that wereanlat! by the FIFs. Successively, urban morphology is seen
to be vital in capturing the complex intricacies of flooding.

Postulated that dense urban areas tend to have the most pronounced landscape effects of anthropogenic
activitiegChirico et al., 2021he influence of morphometrics was seen in slums where their susceptibilities
greatly increased in Modeintlicating a correlation between density and flooding. Inversely, formal areas
characterized by havitgver densitiesand larger distances between buildiexjsibit reduced flood
susceptibilities in Model Huang (2021notesthat slums are often left out of official and formal plans
resulting in uregulatedievelopmend a situation also observed in Nairélormalsettiementsunlike
slums,adhere to building and zoning ordinances such as minimal plot coverage, plot ratio, maximum
densitiesand plotsetbackgKuffer et al., 2018gsultingn lower values of SWR, CAR, BRichreduce

flood susceptibilities

This occurrence is illustratedtbg narrower IQR of the formal settlements and its highest susceptibility
value of 0.75 (excluding outliers) in Model 1 compared to Model 2 which had a larger IQR and highest
susceptibility value of 0.9 (excluding outliers), sEgyuiel5 The urban morphological features seen to

affect flood susceptibility were building adjacency, meahuiifderg distance and covered area ratio,
which rankedr® 4h and @ in the top 10 importarfiéatures

6.2. Use of Global Datasets

Theuse of global datasets at a city scale resulted in low spatial resolticuragoesulting in datasets

that inadequately capture faoale details required for efficisad mappingCarr et al., 2024)jowever,

leveraging global datasets provided this research with comprehensive data for FSM, with their use resulting
in RF model accuracies of above 70% in susceptibility prediction.

Despite their limitations, the performance of global datasets in both Fast Flood and RF models proved their
effectiveness in capturing fundamental susceptibility factors, especially as Model 1 yielded an overall
accuracy of 85%. Given that they are readlilyopenly available they are useful insdatae contexts,
particularly ir6SAcities, as they can facilitate easy scalability and replicability of this approach allowing
uniform and consistent FSM comparisons.

6.3. Inclusion of Citizen Science in FSM

The contribution of CS has been significantly useful in this research with residents and experts providing
insightful and complementary information, considering that they are knowledgeable about their
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environment, floodelated issues and witnesses of local flood eseatserted 8y et al. (2020LS
information helped in understanding the settleapauific underlying flood factors as they provided
hierarchical importance of both morphometric and FIF factors, making CS a valuable source of primary
information.

Additionally, given that the global datasets were not able to capture fine details, by virtue of the resident
understanding their current issues, they provided flood information related to the interconnectedness of
various issues to flooding such as pyp\veoor governance, failure of urban planning, ignorance and neglect

by authorities. CS was particularly useful in the acquisition of accurate flood data as slum residents collect
flood inventory points by identifying flobdtspots also highlighteg Tran et al. (2024yhichfor this
studyreflected the influence of anthropogenic, hydrological and environmentabtiagtbes flooding

This participatory approach remarkably tackled the limitations of data paucity as the(siesidents
participants and city expexi@re able to provide historical flood data needed for susceptibility prediction.

6.4. Limitations

Despite the results of this research, the approach and study had various limitations such as the inhere
limitations of global datasets sudihhaslownsizingf datato approximate local conditions, whietiuced

details that would have accounted for the intrinsic nature of flobdegise of locaVHR DEMs

produced byight Detection and Ranging (LIDAR) and Unarmed Aé&ilatleUAV) would improve

accurate elevation information resulting in accurate fagmaing{McClean et al., 2020)

6.4.1. Limitationsand Uncertaintiesf Fast Flood

The simulation result provided by Fast Flood illustrates that the tool predominantly accounts for fluvial
flooding and hydrologiebhsed flooding. Based on fieldwork, city experts asserted that Nairobi greatly
suffers from urban flooding referring tositatificial flooding. These floods are mainly caused by excessive
water ruroff in builtup areas where water has no place to go, exerting an immense amount of pressure or
drainage systems, intensified by impervious sy8aoelink et al., 2016)

From the simulation result, Fast Flood does not seem to fully captufoodiag, however, some areas

are seen to flood despite being positioned far from the aiwénsigure8. Areas notorious for flooding

were simulated to have minimal or no flooding, which was also highlighted in fieldwork by both slum
residents for their respective slums and by city expartityscale level.

Despite Fast Flood offering the option to include urban data from sD8Mas buildings and roads,
simulations done with and without the urban elements resulted in similar simulation outcomes. This is ¢
result of the primary role of OSM data in Fast Flood for exposure analysis. Buildings as obstacles were nt
included becae the resolution of the DEM (Copernicus 40ascoarse, especially for small buildagys

they would have been amalgamated to form an elevation obstacle.

6.4.2. Limitations of Satellifdloodimagery

Given that in Nairobi, the April 202#ay 2024 flood events reported many cases of urban flood events,
they were not fully captured by the UNOSAT satellite imagery in its specific region of intéirpse(see

9). The minimal reflection of fluvial flood extent and urban floods critically reveals the difficulty of capturing
the intricacies of flooding while using satellite imagery. Moreover, this highlights that rdessdtand

and mapping focus more on flufi@bding compared to urban flooding, whidmisieto detectsurban

floods areusually shallow and shbviedwith theirponding naturereatingdiscontinuouglood extents
increasingetection difficultyTanim et al., 2022)
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6.4.3. Limitations of CS iRlood Data Collecti@md Flood Inventory

Despite the results and usefulnestSoflatachallenges such as coverage, reliability and accuraomexist
participation is often seen to resmltow volumes of dataffecting the coverage and reliability of the
collected daté_e Coz et al2016) In this researatiue to the easy manipulation of My Maps data points,
2 participants were selected per slum to collect flood pospecific slums like Mathaéine pointsdid

not cover the full extent of the settlemessulting in poor coverage data.

As the flood points provided were basedu@as that flood with no selection criteria like tHo00
point/grids, they resulted in cluster clagmlance (see Sect®l.3. Thecass imbalance in ML models
can result in models that are not generalizdfgeting the robustness. Given that clusters 1 and 4 had 9
and 4 flood grids respectively, with 23loxd grids each, the model could have possibly learned how to
predict norflood grids in clusters 1 and 4 compared to flood grids. This could hatlededisprediction

of (no)flood grids due to the lack of an equal number of flood grids to train thevithodel

6.4.4. Limitations irData andata Processing

Aggregating data to the 100m*1@@wnscaled the resolutions of the datasets such asdridINDVI

from 10m resolution to 100m resolutinight have reduced thecuracy of the model asfitetails are

omitted producingflood susceptibilities that might over or uraftimate the likelihood of flooding.
Additionally, given that data is lost in aggregation, variations in the grid cells (100m*100m) were not
capturedergo creating atological falladyy assuming that for exam@# the areas agrid cell have

high susceptibiigs, however, it could just be one specific area and not the entire grid.

Also, as the reference slum layer did not capture all the slums present in Nairobi, some slums were
considered as fornsdttlementswhich affected the susceptibility values of formal settlements represented
by the outliers in Model 1, which when inspgateck in some areas resembling slums.
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/. CONCLUSION AND RECOMMENDATIONS

7.1. Conclusion

The findings of thisesearch revealed that slum settlements in Nairobi are highly susceptible to flooding
with a susceptibility median value of 0.8be majorityof the formal areas have very low to low
susceptibility, especially in the Eastern and Southwest parts of Witirabinedian of 0.3, except along

rivers that have higher susceptibility values in Model 1. Despite formal areas near rivers having highe
susceptibilities, susceptibility values in slum areas near rivers are extremely higher, especially in Kibe
Mukuru and Mathare.

The results of the quantification of flood risk using susceptibility conform with the assertions that slums are
hit hardest during disaster risks as sharp susceptibility differences are observed between slums and forn
areas. The findings of this reseapgbose distance to rivers, SPI, building adjacesay interbuilding

distance and elevation as the toglgential factors

As much as hydrological and environmental factors influence the probability of flendapgirban
morphologyfactors such abuilding adjacency, mean interbuilding distance and covered area ratio
significantlyinfluenceflooding specifically in slum$he improved accuracy with the inclusion of
morphometrics in the RF predictive Modebdrticularly highlighthat understanding and examining
flooding solely based on FIFs is not effective and does not lead to a comprehensive understanding o
floodingin the city. Thus suggesting the importance of incorpanaizug morphologiyn understanding

the urbarinduced complexities of flooding.

From the findings, it is apparent that the critical morphological element influencing flood susceptibility is
the availability of space for water. The spatial configuration of settlements influenced by morphological
elements such asilding adjacency and mean interbuilding distance, sign#ilbantipw water moves

and accumulates during flood events. This natural hydrological response is dictated by the amount of spa
left for water to flow.

The covered area ratio, identified in the top 10 important features in Model 1, has a vital role in influencing
surface ruoff accumulatioty dictatng the amount of impervious spacentrollingthe available space

left for water infiltration. Increassuoil sealing, resulting from highly covered areas reduces soil permeability
leading to increased inundation, specifically in slums given their dense nature.

The participatory techniques used to validate and cthofidimg and rank the importance of flood factors
have been seenlte essential in floodappingespecially at the local scale, where much flood information
is unknown while using largeale dat&itizenbased datin flood modelling ought to be explored as it
hasgreapotentiato improveflooding studiesspecially in the global south where flood data is often scarce

7.2. Recommendations

With the increase in climate variability inten:
environmental conditions, urban planners and disaster risk management authorities ought to pay attentio
to @hangeabidlood factors such as the nature and typologies of urban devlopment. Which have been
realised to play a great role in controlling the dynamics of flood waters.

The duality of urban development and flooding has been biased with a keen focus on the effect of floodinc
on urban elements, discounting the effects that urban elements have on flooding. Scrutinizing the potenti
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impacts urban development, particularly, urban morphologies has on flooding needs to be conducted, most
especially for slums since they are the most vulnerable and highly susceptible Sétitarecassitates

the inclusion and or recognition of slums as part of the formal system, to purposefully plan their organization
and arrangement as their morphologreslocations in flooghrone areasicrease their propensity to

flooding.

Basedon thestrong relationship between flooding and urban morphology, morphological responses to
reduce flood susceptibilitiganningauthorities ought tmanageirbandevelopmento ensue harmony
between the built and natural environmémproaches such asntrolling development, especially
densification through zonigd building ordinances can be done to control urban flooding that results
from development pressure.

Froma bottomup perspective, communimpowerment anghrticipatiorthrough workshopsneetings
and other publiengagemerfbrums canbe employed to create awarepesgourage communigd
mitigation measurasdersurepublicinvolvement irthe planning processpecially in the formulation of
disaster and settlement plans.

Hydrological and environmental responses to reducing susceptibilities could be through the provision of:

1. Non-structural measutesspecially natubased solutions that aim to reduce surfaceffun
create room for water, and increafkration.

2. Structural measurésclude canalising major rivers, constructing flood waatlsjmproving
drainage infrastructure

7.3. Research Recommendations Aneas ofurther Research

This research could be built upongcbtlectingooth flood and nofflood locationsising a CS approach
to capturéd egnr ound 6 fas iomouddcabenpfantuliple sources @iboding especiallgrtificial
flooding.Local and highesolution datasets ought to be employed in future research for accurate flood

mapping.

As this research focuses on one specific geographical region, a similar methodology can be conducted across
different geographical settings to compare how varying slum morphologies influence flooding. Such a study
could be done with a key focus on idantifgommon or distinctive morphological elements that influence

flood susceptibility given the diversity and heterogeneity of slums.

As this research focused on building morphology, explicitly 2D building morphologies, research on flood
susceptibilitgan be steered towards using a broader set of building morplsoicigiessD building
morphologiesstreet and plot morphologies to provide deeper insights into flood dynamics.
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8. ETHICACONSIDERATISAND DATA
MANAGEMENT PLAN

8.1. EthicalConsiderations

The research fieldwork was conducted ethically as it took informed consent of participants and respecte
their privacy and confidentialiigeeAppendix 1B At no point did this research use any individual
information regarding tiparticipant's identityr detailedpecific locations in the selected slums that would
expose theror put them at risk. Data findings from the field or research findings were not fabricated and
or altered, thus upholding the integrity af ibsearch. The research properly acknowledged other works
used by referencing the respective authors and citing the data sources for data used.

Ethical concerns for the research including fieldwork through requesting an ethi¢adqeeswmumber
24011Q)were examined and approvedrsthical committeeeceiving positive advice from the reviewer.

8.2. Data Management P@MP)

To allow for the reproducibility and replicability of this reseatelsets and codes usetthiin studywvere
stored and made available on Google Drive and GitHub Pttfoespectivelywith Appendix 19
providngthe DMP summary

18 hitps://github.com/MarieMuthoni/Jasmearie Msc.qit
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APPENDICES

Appendix 1
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Figure20 Flood Validation Workshop Outputs
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Appendix 2

TablelQ Grouping of Flood Factors into 7 Broader Categories

No Factor Groupings Flood Factors

1 Area covered by buildings Area covered Hyuildings

2 Density of buildings Density of buildings

3 Arrangement of buildings Fractal dimension
Neighbour distance
Shared walls

Mean interbuilding distance
Building adjacency

Orientation
4 Building in low areas and near river| Distance taivers
Elevation & its derivatives
5 Lack of green spaces NDVI, NDBI & LULC
6 Poor soils NDWI
Soil infiltration
7 Blocked drainage by waste Waste

Appendix 3

Tablell Flood Factors Pairwise Ranking Matrix

Covered| Building| Arrangement Building| Lack | Soil Blocked | Votes
area density | of buildings | inlow | of porosity | drainage
ratio areas green by waste
and spacesg
rivers

Covered are:
ratio
Building
density
Arrangement
of buildings
Building in
low areas an
near rivers
Lack of
green spacey

Soil porosity
Blocked

drainage by
waste
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Explanatory visuals of the urban Participants discussing the Pairwise ranking of
morpheclogy and hydrological factors ranking of factors flood factors

Figure21 Factor Ranking Methodology and Output for Mathare
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Appendix 4

b13
T

puloAab|3HpaIoks

VOO

Group name Zebra

Record date Wed Jan 03 2024 22:00:00

GMT+0100 (Central

European Standard Time)

Date of flood event (sta... Mon Mar 25 2024 22:00:00
GMT+0100 (Central
European Standard Time)

\ Are floods recurrent her... yes
Flood depth (ankle-kne... Ankle
Duration of Flood 2 days

Remarks Destruction of properties

Flgure22 Screshot of Flood Informatlon Collected using My Maps

Appendix 5

UPPER ATHI RIVER BASIN (NAIROBI'S CATCHMENT AREA)

B°300E 36°50E 36°200°E 3650 AE00E 36°EG0E STUCE STEUE ATO0E ATECE

1100°8

11508,

1200°S

1300°8

2600E IFVE 36400E 36USOE 36°500°E

Figure23 Upper Athi River Catchment Basin
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Appendix 6

Tablel2 Comparison between Fast Flood and ESRI Mannings' Value

Default FastFI ¢ LULC 2B2RI
Val ues
ESA | and |(Val ue Esri LULC [MinimMaxi mWei gh

val uelval uejaver g
1. Forest 0.12 1. Water 0.0250.05 |0. 03¢
2.Shrubs |0. 1 2.Trees 0.0790.1740.126¢
3.Gr ass 0.03 3.Grass 0.0250.05 |0. 03¢
4.Crops 0.05 4. Flooded {0.05 [0.085/0. 061
S.Buildinjo. 02 5.Crops 0.02 |0.05 |0. 035
6.Bar e 0.01 6.Shrubs 0.07 |[0.16 |0. 115
7.Snow 0.01 7.Built Ar(o.064/0.1190. 00917
8. Water 0.01 8.Bare grolo.23 |0.03 |0. 027
9. Wetl and{o. 009
10Mangrov|io. 14
11Mos s 0. 07
Appendix 7

Rainfall Analysis
Load a csv or copy a table containing time (column 1, hours) and precipitation rate (column 2, mm/h)
Percentage of Total: 99
Duration: 9.000 Mean: 10.103 Shape: 3.105
Set]
Rainfall Representative Rainfall

70
60
50
40
30
20
10
0 = = g
0 5 10 15 20 25

Figure24 Rainfall Parameters Derived from the Rainfall Analysis
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Appendix 8
Auto Calibration
Please select your options for automatic calibration
Calibrate all areas (J
Analyze sensitivity

Calibrate multiplier for parameter: Manning

active
Number of variations:

5

Minimum value:
0.5

Maximum value:
1.5

Calibrate multiplier for parameter: Infiltration

active
Number of variations:

5
Minimum value:
0.5
Calibration progress Maximum value:
Calibration done 1.5

Best simulation is
Manning = 1.5000
Infiltration = 0.5000
Channel Dimensions = 1.0000
Concentration Speed = 1.0000

Copy data to clipboard

B Vanning [ nfitration [ Channel Dimensions Concentration Speed
12,000

11,000
10,000
9,000

8,000

Error

7,000
6,000

5,000

4,000 |

3,000
0.5 0.6 0.7 0.8 09 1.0 1.1 12 13 14 15

Parameter value

Figure25 CalibratiorSettingsand Output
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Appendix 9
Class Label Probability Class 8 Probability Class 1

e ] 8.6582330 8.317670
1 ] @.759547 @.240453
2 ] @.870827 @.129973
3 ] @.875427 @.124573
4 ] @.682127 @.317873
420915 ] ©.579587 @.420413
420916 ] 0.625861 @.374139
42017 ] @.726669 @.273331
420918 1 0.492610 @.587390
42919 1 @.3300830 8.669920
[42628 rows x 3 columns]

Figure2G Flood Class Rdietion and Probabilities

Appendix 10

Tablel3 Descriptive Statistics of Flood Factors
Flood Factors Mean Standard Deviation | Minimum Maximum
Building Orientation 17.910 10.302 0 45
Shared Wall Ratio 0.162 0.140 0 1.768
Building Alignment 6.452 4.070 0 39.097
Building Neighbour Distancg 23.366 22.411 0 198.989
Mean Intetbuilding Distance| 22.558 14.190 0 198.989
Building Adjacency 0.716 0.158 0 1
Fractal Dimension 1.034 0.042 0.210 8.454
Covered Area Ratio 0.213 0.170 0.0002 1.014
Building Density 0.002 0.002 0.0001 0.015
Elevation 1667.138 | 117.407 1462.05 1933.98
Slope 3.031 2.876 0 25.618
Curvature 0.006 0.428 -3.445 3.635
Aspect 152.031 105.031 -1 359.995
Distance to Rivers 303.394 221.618 0 1560.29
Flow Accumulation 9.492e+02 | 1.492e+02 0 1.65
LULC 35.856 17.085 10 80
TWI 8.542 2.273 4515 23.3
SPI 923.065 11041.919 0 596846
NDVI 0.296 0.194 -0.15 0.843
NDWI -0.368 0.162 -0.79 0.381
NDBI 0.054 0.128 -0.6 0.533
Precipitation 113.443 36.238 59.342 182.302
Clay Content 48.211 26.336 0 71
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