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Abstract

Infrastructure networks provide crucial services to the functioning of human settlements.
Extreme weather events, especially flooding, can lead to disruption or complete loss of these
crucial infrastructure services, WbiKk Ol y KI @S &aA3AyAFTFAOFIYd AYLI
wellbeing, as well as being costly to repair. Urban areas concentrate infrastructure and people,
and are consequently particularly sensitive to disruptions due to natural (and hunaaie)
disasters. FEloding alone constituted 47% of all weath@lated disasters between 1995 and

2015, causing enormous loss of lives and economic damages. Climate change is projected to

further exacerbate the impacts that natural disasters have on cities.

Choices about whre to site infrastructure have a significant impact on the impacts of extreme
weather events. For example, investments in flood risk management have typically focussed
on prioritising interventions to protect people, houses and businesses. Protection of
infrastructure services has either been a bonus benefit of flood defence protection of
property, or been implemented by individual infrastructure operators. Spatial planning is a
key process to influence the distribution of people and activities over brpatied scales.
However, decisioimaking processes to locate infrastructure services does not typically
consider resilience issues at broad spatial scales which can lead to inefficient use of resources.
Moreover, spatial planning typically requires consaten of multiple, sometimes competing,

objectives with solutions that are not readily tractable.

Balancing multiple tradeffs in spatial planning with multiple variables at high spatial
resolution is computationally demanding. This research has develapgew framework for
multi-objective Pareteoptimal locatiorallocation problems solving. The RAO (Resource
Allocation Optimisation) framework developed here is a heuristic approach that makes use of
a Genetic Algorithm (GA) to produce Parefatimal spatal plans that balance a typical trade

off in spatial planning: the maximisation of accessibility of a given infrastructure service vs the
minimisation of the costs of providing that service. The method is applied to two case studies:

(i) Storage of tempary flood defences, and (ii) Location of healthcare facilities.

The RAO is first applied to a flood risk management case study in the Humber Estuary, UK, to
optimise the strategic allocation of storing space for emergency resources (like temporary
flood bariers, portable generators, pumps etc.) by maximising the accessibility of warehouses

(i.e. minimising travel times from storing locations to deployment sites) and minimising costs.



The evaluation of costs involves both capital and operational costs asi¢he length of
temporary defences needed, storage site locations, number of lorries and personnel to enable
their deployment, and maintenance costs. A baseline is tested against a number of scenarios,
including a flood disrupting road network and therebdgployment operations, as well as
variable infrastructure and land use costs, different transportation and deployment strategies

and changing the priority of protecting different critical infrastructures.

Key findings show investment in strategically leckwarehouses decreases deployment time
across the whole regiooy severahours while prioritising the protection of the infrastructure
assets serving larger shares of population can cut costs by 30%. Moreover, the analysis of the
ensemble of all scenes provides crucial insights for spatial planners. For example, storage
sites in Hull or Hedon, and in the areas of Withernsea and Drax are robust choices under all
scenarios. Meanwhile, the Humber Bridge is shown to play a crucial role in enablingategion

coverage of temporary barriers.

The second case study shows how emergency response strategies can be enhanced by optimal
allocation of healthcare facilities at a regional scale. The RAO framework allocates healthcare
facilities in Northland (New Zealandalancing the tradeff between maximisation of
accessibility (i.e. minimisation of travel times between households and GP clinics) and
minimisation of costs (i.e. number of clinics and doctors). Results show how c¢.80% of
b2NIKf I yYRQ& LIpihJAO Imindkte drivel fror@ifdiclogedt GP, but this can be
increased to 90% with strategic investment and relocation of doctors and clinics. By
accounting for flood and landslide risk, the RAO is used to identify strategies that improve
accessibility to balthcare services by up &%even during extreme even{svhen compared

to the current business as usws#rvice accessibility)

Application to these two problems demonstrates that the RAO framework can identify optimal
strategies to deploy finite resoues to maximise the resilience of infrastructure services.
Moreover, it provides an analytical appreciation of the sensitivity between planning tradeoffs
and therefore the overall robustness of a strategy to uncertainty. The method is consequently
of beneft to local authorities, infrastructure operators and agencies responsible for disaster
management. Following successful application to regional scale case studies, it is
recommended that future work scale the analysis to consider resource allocation tiecpro

infrastructure at a national scale.
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represent distances, as distances are measured as travel times on the shortest path on the
[0 T= To I8 01T 0110 o 145
Figure 62 Humber Estuary Scenario 7 Solution C. The green lines are for visualisation
purposes: they connect each infrastructuasset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
(o= 1o I 0= 1Yo o ST P PRSPPI 146
Figure 63 Solution space and Parefoont for Humber Estuary case study. Scenario 8. With
the indication of Solutions A, B and C that are visualised respectively in Figure 64, Figure 65
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Figure 64 Humber Estuary Scenario 8 Solution A. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closesthearge. They do not
represent distances, as distances are measured as travel times on the shortest path on the
FOAA NEIWOIK. ...t e e e e e e e e as 148
Figure 65- Humber Estuary Scenario 8 Solution B. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortesngath

[0 T= To I8 01T 0110 o 148
Figure 66 Humber Estuary Scenario 8 Solution C. The green lines are for visualisation
purposes: they @nnect each infrastructure asset to the closest warehouse. They do not

16



represent distances, as distances are measured as travel times on the shortest path on the
0= Lo I 01T 011V PP 149
Figure 67 Solution space and Parefoont for Humber Estuary case study. Scenario 9. With
the indication of Solutions A, B and C that are visualised respectively in Figure 68, Figure 69
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Figure 68 Humber Estuary Scenario 9 Solution A. The green lines are for visualisation
purposes: they connect each infrasttue asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
o= Lo I 01T 011V PR 151
Figure 63 Humber Estuary Scenario 9 Solution B. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured aglttanes on the shortest path on the
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Figure 70 Humber Estuary Scenario 8 Solution C. The green lines ansdalisation

purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
[0 Tz 1o I 01T 011V 152
Figure 71 Solution space and Parefoont for Humber Estuary case study. Scenario 10.

With the indication of Solutions A, B and C that are visualised respectively in F2gure 7
FIQUIE 73 and FIQUIE 74. . ... ettt e e e e e e eeeaes 154
Figure 72 Humber Estuary Scenario 10 Solution A. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest vearsd They do not
represent distances, as distances are measured as travel times on the shortest path on the
0 Tz 1o I 01T 071V 154
Fgure 73- Humber Estuary Scenario 10 Solution B. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortestnpidie
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Figure 74 Humber Estuary Scenario 10 Solution C. The green lines are for visualisation
purposes: thg connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
0 Tz 1o I8 01T 011V 155
Figure 75 Solution space and Parefoont for Humber Estuary case study. Scenario 11.

With the indication of Solutions A, B and C that are visualised respectively in Figure 76,
Figure 77 and FIQUIE Z8......coooiiiiii i e e e e e s e e e e e e e et e e e e e eeanae 156
Figure 76 Humber Estuary Scenario 11 Solution A. The green lines are for visualisation
purposes: they connect eachfrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
0 Tz 1o I 01T 0710 157
Figure 77 Humber Estuary Scenario 11 Solution B. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are mugad as travel times on the shortest path on the
0= To I a1 111V o PP 157
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Figure 78 Humber Estuary Scenario 11 Solution C. The grees &re for visualisation
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
[0 F= T I a1 111V o] o PR 158
Figure 79 Solution space and Parefoont for Humber Estuary case study. Scenario 12.

With the indication of Solutions A, B and C that are visualised resplyativEigure 80,

FIQUre 81 and FiQUIE B2..........uuuiiuiiiiiiiiiiiiieesss s s s s s s e s s e e e e e e e e e e e e e e aaaaaaaaaaaaeaaeeeeeeeees 159
Figure 80 Humber Estuary Scenario 12 Solution A. The green lines are for visomlisa
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
[0 F= T N a1 111V o] o PP 160
Figure 81 Humber Estuary Scenario 12 Solution B. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
(o= 1o I 0 T= 1Yo o PR T PP 160
Figure 82 Humber Btuary Scenario 12 Solution C. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
0 F= To I 01T 111 161
Figure 83 Solution space and Parefoont for Humber Estuary case study. Scenario 13.

With the indication of Solutiond, B and C that are visualised respectively in Figure 84,
FIQUre 85 and FIQUIE BB............uuuuuriiiiiiiiiiiiecsss s s s s s s s e s e s s e e e e e e e e e e e e e aaaaaaaaaaaaaeeaeeeeneeees 162
Figure 84 Humber Estuary Scenario 13 @&@n A. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
[0 T= To I8 01T 0110 o 163
Figure 85 Humber Estuary Scenario 13 Solution B. The green lines are for visualisation
purposes: they connect each infrastructure assettte tlosest warehouse. They do not
represent distances, as distances are measured as travel times on the shortest path on the
(o= 1o I 0= 1Yo o ST P PRSPPI 163
Figure 86 Humber Estuary Scenario 13 Solution C. The green lines are for visualisation
purposes: they connect each infrastructure asset to the closest veaush They do not
represent distances, as distances are measured as travel times on the shortest path on the

[0 T= To I8 01T 0110 o 164
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1. Introduction

1.1.Infrastructureand climate risks

Six hundred million human livetaimedandfour billion peoplempacted by extreme weather
are the numbes of the last two decades of environmentaisis(CRED and UNISDR, 201rb)
fact, floods, storms, heatwaves and other weathelated events have caused more than 90%

of natural disasters in the last 20 years.

Future natural disasters aroreseento become more frequent and more seve(€&lobal
Commission on Adaptation, 201&80dtheir impact will be higher on cities #s world urban
population is arisingg more than half of the world population already lives in urban
environments and by 2050 the projections say that it will be around @a#ty, 2018; United
Nations, 2019)

Together with high concentrations of population, urban areas imply high concentrations of
infrastructure. Infrastructure netorks are the backbone of all human and economic activities
undergoing in cities. Therefore, ensuring a high level of resilience to natural disasters to

strategic infrastructure means making communities more resilient.

Strategic infrastructure is a particdar class of infrastructure that comprises
telecommunications, power systems, banking and finance, transportation, water supply,
government and emergency services. Their disruption would imply potentially disastrous
effects on human lives and economic aites of the countryUS President's Commission on

Critical Infrastructure Protection, 1997)

Among theother climate changeelated hazardshat endanger human settlementflooding
is particularly devastatingoth in terms of human lives and economic losdésods are a
worldwide threat and different countries adopt different flood managermepproaches

according to the different nature of their environments, their gskd their legislations.

Current approaches to flood risk management focus on protecting peaplé,is notalways
possible toprotect infrastructure (especially linear in&structure network® This would
simply require too many resources and too high costs. Hencedbdfor asensible approach
to identifying where to strategically allocate limited resoursein order to optimise

investments and achieve the best possildsults at minimum cost.
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The National Flood Resilience Revi{€abinet Office and DEFRA, 20d®\vides an overview
of the UK governmem atrategy in addressing flood risk management in the country. It
highlights the fundamental role of strategic infrastructure in underpinning business as usual

economic activities andven more so during emergencies.

It also explores the potential role dBtY LJ22 NJ NB Ff 22 R RSF¥SyO0Sa y2i4 2y
but also as a valid alternative to structural measures to take into consideration when designing

flood mitigation strategiesThe review also presents the funding allocation and pian

increase thed Y GANB Y YSy & ! 3Sy 0e Qa tag&helddatiNdheNEI SRFOEDHEOS a
intention not only to increase the currelytavailable stock of temporary flood defences, but

Ffa2 (02 ARSYUGATE GFAzZNIKSNI AGNF G§SIAObawiéer2 NI 38 2
deployment anywhere in England within 12 hours (3 hours driving and 9 hours loading and

dzy t 2 | ECAbjhéet Office and DEFRA, 2016)

Temporary flood defences are the focus of the main case study of the present work. Starting
from a real-life allocation problemthis research proposes a spatial mualtijective location

allocation optimisation methodology.

1.2.Methods

A Resource lpcation Optimisation (RAO) methodology is developed to solve the spatial
optimisation problem of temporarffood defences storage space abdion. Nevertheless, the
optimisation framework is designed to be general enough to be applied to different ablacati

problems of the same nature.

This choice is justified by the fact that many resource allocation prabldealing with
emergency response or infrastructure resilience to natural disasters share a common
conceptual (and therefore mathematical) formulation. A common feature of such problems is
the presence of conflicting objectives that make it impossiblerid & global optimal solution

of the problem, as improving the performance of solutions with respect to one objective

necessarily impliethe worsening of some other objective.

An example of this dynamsx; relative to spatial optimisation problentsregards the conflict

between the maximisation of accessibility arttie minimisation of costs. When designing
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are themainingredients of efficient and cosffective plans.

These objectives are contrasting by nature and their simultaneous optimisation is impossible
by definition. Consequently, multibjective optimisationaims at trade-off balancing;its

outcome is a portfolio of different solutions that optimally balartbe trade-off between

conflicting objectivesrather thana single optimaglobalsolution

A series of available optimisation techniques are currently availableegt@hsie literature
provides methodologies and applications to different problems. Howewe spatial
optimisation framework explicitly designed to solve resources allocation in an emergency

response context is not present in the literature.

The digital revolution provideus today with unprecedented tools for complex analyses
involving big dta, together with a likewise unprecedented computational power availability.
Nonetheless, some problems still involve too big data or too complex analyses to be solved
with mathematical exact methods in a reasonable time. This is why this work contemplates
the useof heuristiccomputationalapproacheshat allow the exploration obroader and more

complex formulationsconsideringhe acceptance of a margin of ertor

This work applies spatial optimisation to infrastructure resilience and sustainability in
emergency panning problems. It addressélsese problems by proposing a RAO framework
meant as a potential support tool for urban planners and decisiakerswhen designing
emergency management strategies. The final goal is to provide a methodology abfeptart
planning decisions that efficiently make use of the available madtisiately saving money

and resources, which implicitly implies cedticiency and sustainability.

1.3.Thesis outline

This work ains to develop and demonstrate an optimisatibased decision support tool to
help infrastructure operators and urban planneis identify strategies that improve the
resilience of infrastructure services during disruptive natural hazards. In order to achieve this

aim, thethesishas fiveobjectives:
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1. Toreview the field of flood risk management to identify the conflicts and barriers that
can occur in the allocation of resources to enhance infrastructure resilience;

2. Toreview optimisation techniquesn particular their application to spatial resource
allocation problems, to identify a suitable approach

3. To develop a Resource Allocation Optimisation (RAflgmework that generates
optimal spatial plansto support infrastructure and urban planners to meet criteria
identified in objective 2

4. Theapplicationand demonstrationof the RAOapproach to different case studies
demonstrate its utility and transferability

5. Theanalysis ofthe results from case studies and discussiortha utility of spatial

optimisation to help improve infrastructure resilience.

Objectivel aims at understanding the state of the art of current flood risk management
approachesand identifyingnew strategies to enhance infrastructure resilience. Chagter
presents a review of different flood management strategies and introduces temporary flood
defences as a potential viable alternative to structuraasures for strategic infrastructure

flood protection.

Objective2 has the goal to set thmethodologicalground of the research ant understand
the current availability of optimisation techniques in the scientific commuynmgyiew them
and find the most suitable to constitute the architectuof the framework to be builtThis is
the topic of Chapter3, where the mathematical formulation of optimisation problems is

initially presented, followed by a review of different techniques available for spatial problems.

Objective3 aims at the formulation of a mathematicalbased approach to solve urban
planning problems meant to increase infrastructuresilience to natural hazardhis is
addressed in Chaptet, where the architecture of the RAO framework is explained together

with the details and thé f 3 2 Ndoik#owW.Q &

Objectives consists in the application of the RAO developed by Obje8tteetwo different

case studies as proof of camt. Chapter5 presents a UK case study on temporary flood
defences storing space optimigan. Here the RAO provides solutions that balance the trade
off between accessibility maximisation to emergency resources and costs minimisation.

Chapter6 presents asecondcase studyin New Zealand where the RAO is applied to a
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different problem with a similar mathematical formulation: the spatial optimisation of

healthcareinfrastructure assets allocation

Finally, Objectiv®, addressed in Chapteb, 6 and 7, concernsthe analysis of the results of
the casestudy and explores the potential generalisation and application to otherlifeal

urban planning resource management problems
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2. Infrastructure resilience andeergencyplanning

2.1.IntroductionChapter2

Chapter2 presents a literature review on emergency planning and climate risks im @eas
exploring the role of strategic infrastructure @mergency response operations. A definition
and classification of strategic infrastructuege provided in sectior2.2.1, followed by an
analysis of the urban dimension of climate risks and a highligtiteo€lose relation between
infrastructure resilience to natural hazards and sustainable planiiimgfollowing sction2.3
presentsan overviewof different flood emergency planning approaches compairiogd
protection strategies ithe UKand oversead-inally, temporary flood defences are introduced
and their tse compared to structural measures in sectiB.2.2 this is particularly relevant

for the case study described it&pter>5.

2.2 .Climate risks in urban areas
2.2.1. Strategic infrastructure

Strategic infrastructure networks underpin the functioning of every human and economic
activity in urban and ruralraas. Understanding and protecting them is crucial to guarantee

the normal functioning of cities, to prevent failures and to cope with catastrophic events.

TheUS President's Commission on Critical Infrastructure Protection (k89w)fied different
typologies of strategic infrastructure: lBscommunications, power systentslectric, natural

gas & oi), banking and finance, transportation, water supply systems, government services
YR SYSNHSyO& aSNBAOSaAd ¢KSe FINB |O0ly26f St
RA&GNHzZLIGA2Y 62dzf R KIS &aSOSNB |yR LRIOSBGIALI
O2dzy i NE Q& RSFTFSYyOS IyR SO02y2YAO aSOdaNAGed ¢
priority of guaranteeing the security, continuity, and availability of such infrastructure
networks(VamvakeridotLyroudiaet al., 2018; Gibsoet al., 2019; Vamvakerideuyroudiaet

al., 2020)

Strategic infrastructures are complex adaptive syst¢fselrod and Cohen, 20QGbllowing
O2YLX SE &&aiSyYaQnetveld kadript justyher deidsideiiet teOniedzisdn of

their different components, since they constantly interact with and influence each other
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evolving through time, learning and improving from past experiené@sexample of such
additional complexity is th fact that the welplaced disposition of all the components of a
water supply system does not guarantee an efficient water supply service; that depends from
a precise number of other factors, frameworks and services that are external to the physical
network (e.g.workforceorganisation, power supply, telecommunicatjcetc). This is typical

of complexsystems: they present an emergent behaviour that is beyond the simple sum of

their componentgBonabeatet al,, 1999)

Rinaldiet al. (2001)provide a qualitative analysis of infrastructure interdependencies taking

into account different factors like:

1) infrastructure taracteristics (organisational, operational, temporal, spatial);
2) their state of operation (normal, repair/restoration, stressed/disrupted);

3) different types of failure (common cause, cascading, escalating);

4) different types of interdependencies (physicalbey, logical, geographic);

5) coupling and response behaviour (adaptive, loose/tight, inflexible, linear/complex).

They also provide a clear example of connections and interdependencies between critical
infrastructure networks, highlighting how failures oisdiptions can have direct or indirect

effects on the entire systemkigure 1 summarises such a series of dependencies and
interdependencies among different components of the system and emphasises the
importance of knowing and understanding thémthe perspective othed @ 8 1 SYQa4 RSTSy

and resilience.
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In a world of increasing complexity due to unprecedented technological progress, it will
become more and more important to study, analyse, understand and manage complex
systems of systems to ensure safety and resilience in light of future challelugeso a
changing climateThis research modgseveral infrastructure disruption scenarios to evaluate
and improve their resilience to natural disasters, making use of artificial intelligence
techniques like genetic algorithms and machine learning to edfiethe high computational

effort required by multiobjective optimisation.

2.2.2. Climate changeelated problems in cities

The world faces an environmental crisis: more than 90% of disasters of the last two decades
have been caused by floods, storms, heatesmand other weatherelated events, claiming

six hundred millions human lives and leaving a total of four billion people in an emergency
condition(CRED and UNISDR, 20T3)mate is ciinging and will continue to change dzY' I y a Q
only choice isto adaglPCC, 2019 / ft AYIF GS OKI y3aSQa AYLI OGa
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severe in the near future in terms of global higher temperatures, rising oceans, more violent

and unpredictable storms and rainféblobal Commission on Adaptation, 2019)

Climate changevill have higher repercussions in citifgan everywhere elseince urban
environmentsare where the majority of people lives (55% tbe world population in 2018)
with an even higher predicted concentration in the future (68% by 20B@yestern societies,
the urban population is even higher (around 80%), \iitiropeampeaks ¢ 92% (Netherlands)
and 98% (Belgium). Regarding the case studies analysed in thigheoukban population is
still widely above the global average: 83% for the UK and 87% for2¢adand(United
Nations, 2019)

Urban areas are alsthe placeswhere ahigher number of infrastructure networks are
concentrated and deeply interconnected and where the majority of human and economic
FOGAGAGASEAE GF1S LXIFOS® ¢KSNBET2NB:I OAGASa
effects, whose impacts are potentialbatastrophic because of the high number of people,
infrastructureand economic interests involveffGarschagen and Romekankao, 2015; Let

al., 2018)

2.2.3. Infrastructure resilience to natural hazards

Resilience isommonlydefined as the capacity of a system of recovering from a disruption
(Holling, 1973; Holling, 1996; Fokkeal., 2010) Such a definition is very broad and somehow
vague;n fact, numerous different definitions of resilience can be found according to what this
concept is applied to. In thisork, the main interest is the capacity of infrastructure systems

to cope and recover after natural disasters, with a particular focus on flood events (see chapter
2.9.
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Figure2 - Definition of resiliencehe capacity of a system to recover after a disruption.

Figure2 shows different ways to make a system resilient to a specific natural hazard. The red
line represents the performance of the system after the disastrous event: after a certain
amount of time and investment of resources, the system returns to its standitiis of

Gy 2NXYIfAGEE D

Making the system more resilient means reducing the amount of time necessary to bring it
back to normality. To achieve this goal, one way is to invetste recovery side (green line in
Figure2): this implies spending resources after the disastecurred in orderto accelerate
recovery. Orthe other hand, it is possible to invest on the preparedness or responsiveness
side (light ltue line inFigure2): this implies investing resources beforehand in order to reduce

the impactof possible disasters, dirig down the recovery time.

The second approach mmore costeffective than acting on the restoration side, antbre
costeffective investments imply lower wastefulness of resources, capitals, emissions and
ultimately higher sustainabilitgTainter and Taylor, 2014)herefore this study focuses othe
preparedness/responsiveness approaelith the aim of providing a scientificalbased
methodology to: 1) solve the redife problems presented in the castdies of Chapter$
and 6 and 2) present a general methodological framework to optimise natural disasters

preparedness of stratetic infrastructure systems

In lightof this, the present researcis framedwithin three UN Sustainable GoalgN General
Assembly, 2015)9) Industry innovation and infrastructure, 11) Sustainable cities and
communities and 13) Climate actioRigure3) (Adsheackt al., 2019)
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Figure3 - UN Sustainable Development Goals

Sustainable Developme@$D) Climate Change Adaptation (CCA) and Disaster Risk Reduction
(DRR) constitutes different communities, each one with its own framework of refer&hee.
2030 Agenda for sustainabldevelopment(UN General Assembly, 2015) the primary
reference framework for the Susteble Development community.h& Paris Agreement
(UNFCC, 2011 an international legdy bindingdocument signed by governments to set a
O2YY2y |3ISYRI Ay (GSN¥ya 2F OtAYIGS OKIy3S
instead, § the Sendai framework for disaster risk reduct{oiNISDR, 2015)

Despite the similarity of their objectives, the three communities address these topics
independently and often witlalack of coordination and cooperation. All the aforementioned
reference documents have very similar main objectives stmae timeframe (201:2030) and
they have been published almost simultaneousNevertheless, they adopt different
perspectives andarely overlap nor citeS I OK  2miai ®NAIS &For example, the Paris
agreement cites DRR just one time and no other ifiee is made in the whole document to
this field and the Sendai framework actively sussaime artificial dstinction between CCA,
DRR and Sustainablewzlopment(Kelman, 2017)

A shared focus, instead, is the attention to the urban dimension that all the-Z0d%
frameworks have. They all identify cities and urban am@saitical contexts where policies,
actions and measures should be concentratedaximise their impaagtCabinet Office, 2011,
Garschagen and Romet@nkao, 2015; Gencer, 201R)is in this perspective Ht the focus

of this work- resilient urban systemsis not just framed within the DRR perspective, but is

part of the broader picture also involving CCA and SD.

34



Given the current uncertainty regarding the future and the rapidly evolving climate sityation
current measures, interventions and policies need to betioolwudy kept up to date, also
with the awareness that actions taken today may worseamorrowQ r@ality in case of design
exceedancg¢Dawson, 2007; Aertst al, 2011; IPCC, 2012; Pregnolato, 2017)

2.3.Floodemergency planning
2.3.1. Fbod risk management

Flooding is a major problem both in the UK and overgeaset al, 2019) Many countries
worldwide periodically face natural disrs likerecent events in the USA, with Hurricane
Harvey(Blake and Zelinsky, 201&nd the devastating floods of the Philippin€abrera and
Lee, 2018and JaparfNiroshinieet al., 2016; Shaktet al., 2018) In Europethe most recent
eventshappenedin Spain(LorenzelLacruzet al., 2019) Italy (Arrighi and Castelli, 202@nd
Germany(Meyer and Shwarze, 2019)The UK is facing catastrophic flood events with
increasing recurrence, like Storm Desmond and its consequences on strategic infrastructure
collapse m LancasteFerrantiet al., 2017)and other floodprone regions that have been hit
by disastrous flooslin the past years like Somerset, Cumbria and Yorkshiere 20,000
properties flooded in 2015/16 with estimate damages of ~£1.5 bil{idabinet Office and
DEFRA, 2016)

Besides, the situation isot expected toimprove the wettest February on reecd (2020)
witnessed storms Ciara and Dennis, which had a severe impact on UK infrastructure, causing
major floods throughout the countryThe Parliamentary Office of Science and Technology,
2020)

Ct22RaQ KSI@ge G2ttt 2y SO02y 2 YASamostgidhifickndzY | y
threats of climate change. Hence the interest of the present work to focdkodingand on
strategic infrastructure resilience to floodinip fact,the spatial optimisation analyses tife
two case studies presented (the first in the UK and the second in New Zealand) consider

flooding aghe natural hazard of reference (with the additi@f landslides in the NZ instance).

The 2016 UK National Flood Resilience Re{@abinet Office and DEFRA, 20d@vides an

interesting overviewof several international approaches to flood resilience. Three EU
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countries (UK, France aride Netherlands) and three extrBU countries (USA, Japan and

Australia) are compared.

A first analysis regards the number of people at risgure4 shows a chart with indicative
percentages ofhe at-risk populationfor each country, with specifications (where available)

of the annual chance dfooding people are exposed to.

Mc: 2F 9y 3AfLYRQA YIFAYyflYyRZI O2YLINR adnbdual NE dzy R
flood risk greater than 0.1%Environment Agency, 2015Yhe UK National Flood Risk
Management and Coastal Erosion Stratéiggvironment Agency and DEFRA, 2@té¥ents

an extensive array of approaches to tackle flood risk elaborated after 2007 England flooding
events and the following Pitt RevigWitt, 2008) Flood risk is mapped at the national level by

the Environment Agency, who divided the country intoetaizones with different associated

risk levels, as summarisedTablel.

Tablel - Environment Agency's flood risk zones for England.

OV 3Ly RR@ | vers | fiooding fom the sea
Zone 3 10% %1% X 1 dp:
Zone 2 2% KoMz Q196R X n ®p0.1% y A
Zonel 78% <0.1% <0.1%
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Figure4 - Indicative percentages ttfie population at risk of flooding from rivers and the sea. Developed @ahinet
Office and DEFRA (2016)

According to the French National preliminary Flood Risk AssesgManistére de L'Ecologie,
2011) in France, the percentage 6fK S O 2pdpglatiNdwiian annualood risk of 0.1%
rises to 28%lf we consider 100 years return period events, 8% of the population would be at
risk. To address this problem, the French Governmemnilemented different flood risk
management strategies, like restrictettvelopment areagflood risk is mapped at the
national levelland a governmental flood compensation furikhe two reference documents
with respect to these different approaches are the Programmes d'ActioRrdeentiondes
Inondations ¢ PAPI6 aA YA &d0G8NBE RS afddheCPfah Sibinésions HRapide 0
baAyAaidsNBE &l Z0ID) 0 2012,3theSFrench government iisted a
decentralisation process shifting flood risk management responsibilities to local authorities

(Larrueet al,, 2016)

Relative numbersignificantyd N2 ¢ ¢ KSy O2yaARSNAyY3I GKS bSiK
mainland is at risk of floodand almost the totality (98%) of this land is protected by dykes
(PBL Netherlands Environmental Assessment Agency, aonlespite these protection
structures, 65% of the population live in areas that have an annual chance of flooding between
0.4% and 0.01%. This is due to the peculiar land conformation of the country: a combination

of several major European river deltas (Rhine and Meuse) and vast portions of the country
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that are below sea level. Taking that into consideratiiood response dad times are

regardlessrelativelyhigh(Thiekenret al,, 2014)

Differently from England and Frantke Dutch government set a legal standard of protection,

which is the reference that all the flood risk management measures aim to .nduwet
A2OSNYYSYyiQa LINPINFYYS WwdzZAY(HS @22NJ RS wA@ASI
active from 2006 to 2015mal involved major actiong reducingriverine flood risk in the

country adopting a mukltiayer safety definition. The interventions includdgkes relocation,

flood bypassesgroynes height reductiorfjoodplain level loweringpbstacles removal and

side channels depth loweringKaufmannet al., 2016; Vergouweet al., 2016) Also in the
Netherlandsflood risk is mapped at the national level, but here flood risk management is less

centralised: local authorities are in charge to manage their own spatial zoning plans.

From the fluvial flood perspective, the physical geography of Japan puts the coardry
completely different position with respect to the Netherlands. While the Dutch mainland is
predominantly flat and positioned at the mouth of big continental rivers, Japan is an
archipelago of mountainous islasdn the Pacific Ocean. lIts rivers areoghand steep,

implying way shorter flood response lead tim@glachi, 2009)

49% ofthe Japanese population (127 million people) $ve areas at risk of flood from
different sources: rivers, heavy rains, tsunamis and typhdéwaschi, 2009; Suppast al,
2013; Ministry of Land, onlineJo cope with recurrent disastrous flood events, the Japanese
government adopts a mixed siiegy including structural defences and warning and

evacuation plangHuang, 2014; Cabinet Office and DEFRA, 2016)

Around 40% of the landmass of the United States of America lies within the Mississippi River
basin. In additia to the fluvial origin of flood risk in the country, the three coasts contribute

to different kinds of hazard due to their different physical characteristics. The East coast facing
the Atlantic Ocean is subject to hurricanes, the Gulf coast is subjéeaey rainfalls related

to the tropical climate of the area and fingltgunamis and cyclones endanger the West coast

facing the Pacific Ocean.

In terms of population at risk of flooding% of the population live in areas wifl® annual
coastalfloodrkz gKAEtS M: 2F (GKS O2dzy iNEBRQa LI LJz | GA2Y

rivers of 19%Climate Central and ICF International, 2015; World Resources Institute, online)
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The US government adopts a mixed approach of structural defences and policies to mitigate
the risk of flooding on its territorfyAmerican Socigtof Civil Engineers, 201 Hor example,

the Federal Emergency Management Agency (FEMA) implemented the National Flood
Insurance Program (NFIP). This programme is design@ddoce Flood Insurance Rate Maps
and offer affordable insurance to privateitzens and businesses and to encourage local
communities to implement and enfoe flood management regulatiofEEMA, online\With
NE3IFNRa (2 FSRSNIf o0dzAifRAYIEAX AyadaSFIRI o6& f
(NFIP requirement).

' dza GNF £ Al Qa OfAYIF UGS A& 2yS 27 ;deteBheBedNheoa i 21
it is possible to find extraordinary annual rainfall and runoff variabfifengeret al,, 2013)

The eastern coastal edge of the country is the most vulnerable from the flooding perspective
because of the frequency of cyclones. The Australian central governmanages flood
warnings through the Bureau of Meteorology amfines flood risk management best
practice but the responsibility of their implementation is held by the single stéesstralian
Emergency Management Institute, 2013; Wengeral,, 2013; Cabinet Office and DEFRA,
2016) Flood risk mapping, instead, is managethatstate level or even @ahe municipal level;

the central government sets guidelines fdevelopment in flooebrone zones, but they are

not binding and the single states develop their own regulatibhe Flood and coastal risk
managementLongterm Investment Scenarios (LTIS) 20Ehvironment Agency, 2019)
providesindications on how flood risk management investment decisare made in the UK.

This documat assesses several scenarios involving different challenges like climate change,
assets deterioration and growing populatidn describefuture risks, opportunities and
different possible londerm investmentslt is based on the 2014 repdEnvironment Agency,
2014)andincludes risk analyses regarding rivessrface water the sea and coastal erosion.
Section 11 of LTIS 2019 reports that the optimum level of investment is greater thdnd. TIS
2014 baselineand it is estimated to have a losigrm annual average above £1 billion. The
document is meant to analgsthe cat-effectiveness of ifferent investment strategies to

provideguidelines foffuture funding allocation

This brief overview of international approaches to flood management shows how different
countries face the same problem flooding ¢ with the same objective: more resilient

communities and infrastructure. Nevertheless, different geographeee impacted by

39



different sources offlooding (e.g. fluvial, pluvial, tidagtc.). Also, different regulations and
administrations lead to different flood management solutions, approaches and frameworks.
Hood resilience is a complex matter that involves different factors (hazards and geographies)
different governance structureggovernments, local administrationsasset owners and
operators)and a range ofphysical infrastructurgflood defencestransportation networks

etc.). Designing effective flood management strategies should consist in a holistic process

taking into accounall these factors and the peculiarities of each case study.

This studyhelps addresssuch diversity in areas by developing a framework lalan@
conflicting objectives to identify optimal strategits resilienceThis allowswhat-if scenarios
to be tested to identifya portfolio of optimal solutionsailored to minimise local flood risk to

infrastructure.

2.3.2. Flood defences

As mentioned in the previous sectiothe | YQa F LIINRIF OK (246 NRa Ff 2
comprises a mixture of policies and defences airaetoth flood protection andnitigation.
This section focusses on flood defences that can be firstly categorised into two big families:

structural and temporary measures.

2.3.2.1. Structural measures

Structural flood defences consisft all those measures that have ampganent nature. They
canbesulOl 1 SI2NARASR Ayd2 WINBEQ yR WaNgmgEQ a i Nz
et al, 2013) Greycg or hard ¢ structures consist of dams and levees, while soft structures

consist in wetlands storage or green infrastructure.

Hard structural defences have been the traditiomaly to defend land and people from floods,
defending themmerey creating an obstacle big enough for water not to overcome it. They
consistof large permanent and usually expensiwngineeringstructures like dams and
levees.Due to the high investmerthesemeasure require, the interest in the optimisation

of their design and location strategies is hi@ten structural defence strategies require the

modification of topographic elevation (for instantdeoughlevees) or the modification of soil
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roughness (for example through revegetation). Typically, the strategy definition is taitored
the specific needs and peculiarities of each case study. Newpleigbrmance computational
tools allow better surface water models and the fast development of macleaening
techniques and blackox optimisation open new possibilities for the definition more general

flood management design principléBassefkt al., 2019)

Several examples optimisation strategiesipplied to structural flood defences can be found

in the literature, likewoodwardet al.(2014)who developed a frameworor the assessment

of potential interentions in flood systems and applied it to the Thames Estuary (London, UK).
In addition, Tasseffet al. (2019) presened an optimisation methodologyfor structural

mitigation strategies with @nstraints that may be either economic or physical (or both).

This kind of structures provides a solid and robust defence against even the most severe
events nevertheless, several shortcomings are peculiar to this category of defences: they are
permanentstructures, so their impact on the territory is very heavy, their construction cost is
high and their maintenance expensive, and, finally, their adaptability is very limited as their
upgrade is difficult, making their original design binding and not flexebough to adjust to

rapidly changing climates

2.3.2.2. Temporary measures

Temporary measuresonstitute an alternative to permanent structural defencéhey cannot
provide the same level of safety and security of structural measures, butcregffer a set

of advantages that make them a valuable alternative worth to be considered. Above all, they
are cheap, fast to implement anglas their name suggest; they have a temporary (and

therefore lighter) impact on the territory.

Temporary flood defences are néiked to the ground, so they can be deployed for the
necessary amount of time and then removed, stored and reused when ne&tece are four
main categories of temporary barrie€abinet Office and DEFRA, 201§)rame barriers, 2)
free-standing barriers, 3) tubes and 4) filled containers Figire5 shows, filled containers
can be in turn classified basing on their filling (aggregateater), and freestanding barriers

can be either rigid or flexible.
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A large variety of frame barriers are available on the miarkigureb.a shows anxample of

a demountable metalframework deployed on a riversiddz-rame barriers can adapt to
different surfacesxcept fordisconnected hard ground; thesan also be cleaned and reused
and given their rigidity, minor maintenance is usually necessary whaploged. On the
downside, they can be subject to leakages, they require a large amount of storage space and

with low water levels, they are vulnerable to strong wirf@sbinet Office and DEFRA, 2016)

Figures.b andFigureb.c present respectively a rigid and a flexible fstanding bariers. Free
standingbarriers areeasy and quick to deploy since thdg not require any machinery for

installation When the batrrier is flexible, its stability is guaranteed by thérbgtatic pressure

of the water, besides flexible barriers are lighterd require less storage space in comparison

to the other kinds of temporary defencekike frame barriers, rigid frestanding barriers

require a lot of storage space and arieallengingo deploy in uneven rigid surfaces. Despite

being an advantage in terms of storage and transportation, flexibledréel Y RA Yy 3 0 | NNJR
lightweight can result in potential weaknesses as well. For example, they are vulnerable to

strong winds or leakages wh the water level is particularly logCabinet Office and DEFRA,

2016)

Tubes Figureb5.d) are flexible barriers that can be filled witlr @r water and deployed to

block or deflect groundwater. Their flexibility implies small storage areas and ease in their
transportation and deployment. On the other hartiey requireaccess ta source of water

for filling and a way to dispos# it. Al9, supervision is necessary when in place for multiple
reasons (like danger of vandalism or risk of undesired displacements due to high water loads)

(Cabinet Office and DEFRA, 2016)

Finally filled containersfigure5.e andFigureb.f) can be deployed whereeeded and filled

with water or aggregate to create an impermeable obstacleflfmmdwater. Differently from

tubes, they do not require much supervision when in place. Several advantages characterise
filled containers: for example, local material can bedise fill them, they do not require
specialisedvorkforcefor their installation, can easily be deployed on different terrains and
their height can be increased at different stages. In contrast, their impact on the solil is
substantial due to high pressurgseir reuse is limited and finallif is not always available or

accessible a place for filling material dispdgdbinet Office and DEFRA, 2016)
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b) Free standing barrier (rigid) c) Free standing barrier (flexible)

D) Tubes | e) Water-filled containers f) Aggregate-filled containers

Figure5 - Examples of temporary flood defences. a) Frame barriers, bytaeeing barriers (rigid), c) freanding
barriers (flexible), d) tubes, e) waifited container, f) aggregatélled container.

Temporary flood barriers are not an effective umsuccessful flood protection measure per

se. The applicability and cesfficiency of this kind of approach vary from case to case
depending on a series of factors. For instance, not all locations are suitable for all the
typologies of temporary defencesioreover, this kind of procedure requires a certain amount

of time for transportation and deployment, consequently good enough flood forecasts are a
fundamental requisite for the efficacy of a temporary measure. Such forecasts are not always
available, dpending m the nature of the catchment taken into consideration (e.g. long rivers

estuaries vs fastesponding mountain creeks).
¢CSYLI2NINE RSTFSyO0SaQ FFF2NRFoAfAdGe FyR F3IAf)
with respect to permanent measureg\ccording toWoolhouse (2017)the failure rate of

temporary defences can vary between 20% and 30%, numbers that can be lowered with

appropriate planning.

Another factor to take into consideration when assesgmgadvantages and disadvantages

of temporary flood management measures is the necessity of staff to pick up, transport,
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deploy, monitor, dismantle and store the flood defences. In addition to barriers, accessory
items to carry, deploy and store can be pumpsuse complementarily to barriers (or in
substitution for small areas) and portable generators. The inclusigheoivorkforce makes

the planning phase crucial for the efficacy of stragsg

The National FlootResilienceReview(Cabinet Office md DEFRA, 2016gdicates an entire
section (Chapter 3j)o the analysis of temporary defences strategies to protect strategic
infrastructure. Anumberof conclusions contained in this sectioonstitutethe base of some

main assumptions at the base dfe present research work:

1. 30% to 40% of local strategic infrastructure can be proteasgdgtemporary defences
strategies according to the Environment Ageniggnce,the focus of this work on
critical infrastructure protection optimisation.
2. The Environmet Agency advises against the use of sandbadsspite their
affordability, because of their low standard of protection and because of their very
limited re-usability. For this reason, sandbags are not taken into account when
evaluating volumes of requiredmounts of storing space in the optimisation
framework presented in Chaptéx
3. When assessing the suitability of temporary defences, the Environment Agency found
that the category of strategic infrastructure protected idess of a determining factor
than the size othe site'. For this reason, different strategic infrastructure assets are
generaly RATFFSNBYGAIF GSR 2yfeée 2y GKS oRA®S 27F
framework presented in Chapteb;, however some scenarios also explore the
LINAR2NAGAAFGA2Y AYTFNI A0NHzOGdzNB FaaS0iaQa LINE
4. Currently, temporary flood barriers cannot cope with water depths > 2 metaed
only a few have been tested above 1 metre. Hence, the choice to consider 1&m as
reference height of flood defences when estimating maximum volumes required for

storing space (Chapté).

This study contributes in assessing the efficacy and theeftesttiveness of flood protection
strategies involving different typologies temporary defencksfact,the RAO framework
presented in Chaptet and applied to a UK case study in Chaptalows exploring different
choicesof temporaryflood defences which entail different costs, volumes and deployment

times.
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Despite the National Flood Resilience Rey€abinet Office and DEFRA, 20&8pgnises the
effectiveness of temporary flood defences, a systematic matigtrategy is currently missing.
Every local authority autonomously decide how to include (or not to inclteseporary flood

barriers in their flood management strategies.

A clear example is represented by the case study presented in CHapgter different flood
protection strategies of the local governments of the Humber Estuary region (East Reading of
Yorkshire, Kingston upon Hull and North Lincolnshire) dotaiat into account temporary

flood defences in a systematic way.

Severalinvestments and projects are currently under development to increase flood
protection on the different banks of the Humber. For example, the Hull Frontage scheme
(Environment Agency, 2018)a £42 million investment flood alleviation scheme inchig of

Hull on the north bank of the Humber. In the south bank, instead, a £12 million investment in
flood defences started in 2019 in proximity South Fer(idgrth Lincolnshire Council, 2019)

Both these schemebave been completed ispring 2021, and both of themnly entail
structural flood protection measures. The Local Food Risk Management Strategy of The East
Reading of YorkshirgEast Reading of Yorkshire Council, 2@d®s not include the use of
temporary flood barriers if not for extraordinary emergency situations, and it only
contemplates the use of sandbags, which is deprecated by the National Flood Resilience
Review(Cabinet Office and DEFRA, 202830, the Flood risk management strgyeof the city

of Hull(Hull City Council, 2018nly mentions freestanding temporary flood barriers as an
option for private citizens to protect their homes; considering it merely as a privatetary

optional initiative.

This research worgrovides anovelmethodology and an optimisation platform to enrich and
support the current practice by modelling, exploring and assesNifga 2 ddep$rie
strategies in a digital environmentjith the ultimate goal tofill the gap between the national
recommendations and the local implementation of flood protection strategies including

temporary flood defences.
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2.4.Summary

Chapter2 focussed orclimate risks in urban areas exploring the role of strategic infrastructure
in emergency response operations. Secti@dr?.3 in particular, highlighted the close
relationship between infrastructure resilience to natural hazards and sustainable planning.
Section2.3, instead, presented an overviesfdifferent flood emergency planning approaches
O2YLI NAy3d GKS 'Y G2 20GKSNJ O2dzy iNASaAaQ &GN) GS3
sections is sectior2.3.2.2 where temporary flood defences are introduced and their use
compared to structural measuresind where amanalysis of the shortcomings of cent
emergency management involving temporary flood defences in theidJipresented
highlighting how the presented research outcomes could enrich and support current practice
As anticipated inChapter 1, the present research aims to fill the gap in the literature
concerningnfrastructure resilience and emergency planningtimal temporary emergency
resources management and allocatiosirategies therefore, the folowing ChapteB explores

and reviews several optimisation techniques available in the literature to identify the most

appropriate tools for the deMepment of the RAO framework presented in Chapter
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3. Review obptimisationtechniques

3.1.Introductionto chapter3

Chapter3 presens a review of the optimisation techniques available in the literattwe
address spatial optimisation problems with the aim to identify the most suitable approach for
the development of the optimisation framework. Secti@2 presents an introduction to
optimisation problems and sectidh3focuses on the subategory of interest: multobjective
optimisation problems.Section 3.4 reviews a series of popular optimisation techniques
utilised in spatial problems and identifies genetic algorithms (secBdnS as the most
appropriate methodology to solve the problems of interest tasthesearchFinally, section

3.5 identifies the contributions of this research to the spatial optimisation discipline

highlighting the theoretical advances and tleehnical improvements presented in this wok.

3.2.Definition of optimisation problems

Urban planningor disaster managementequires the adoption obptimisation techniques
due to theverynature of the problema limited amount of resources needs to $teategically
allocated to maximise efficacy and efficiency of emergency response opeyatieam natural
disasters occurBecause athe complexity of the problemto solve and the high number of
different variables involvedjigh computational costare often required to perform suclan
optimisation Modern technology allows the implementation of software frameworks
handlinghugeamounts of data like never beforelThe unprecedentedamputational power
available todawllowsfiner models and reasonable run timestdigitalsupport tools available
to engineers, urban planners and all the stakeholders involved in the decrsa&ing process

of disaster planning/management.

Current planning methodologie=san, therefore,be integated with data-driven suppot tools

in allocation decisiond he literatureis rich ofexamples of optimisation techniques applied to
a range of different planning and design processes, like sewer netJlaessget al., 2004;
Berardiet al,, 2009; Moeini and Afshar, 201 #jansit networks(Kepaptsoglou and Karlaftis,
2009; Shimamoteet al., 2010; Fenget al., 2019) water distribution networkgPrasad and
Park, 2004Kapelaret al., 2005; Vamvakerideuyroudiaet al., 2005; Bieupoudet al.,, 2012;
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Monsefet al., 2019)and land use allocatiofAertset al., 2005; LigmanZielinkaet al., 2006;
Li and Parrott, 2016; Wet al., 2018)

This work fits in the wide subject area of infrastructure development and management
optimisation in relation to climate changelated challengeslhisresearch grounds on a wide
literature of past spatial optimisation applications; however, this research field is In
continuous expansion and evolution. Many publications describieyy software support
tools for the decisiormaking processes for infrastiuce management and development
have been published in the last three years only (the same development time frame of the
present work). This means that many research institutions are currently working to exploit the
new possibilities provided by the digiteevolution to develop new sustainable and resilient

infrastructure systems.

For example,Poo (2020)points out the limited literature in terms of applications for the
reduction of the uncertainties in the decisionaking process when addressing natural
disasters and climate changelated impacts on cities and human activities. Therefore, they
present a multiobjective decision support framework for climate change adaptation for
transport systems like airports and seaports. They make use of an ABC (Artificial Bee Colony)
optimisation algrithm to enhance environmental sustainability in transport infrastructures.
Finally, they also observe how climate change adaptation is still at an embryonic stage,

advocating further research and support tools development for transport planners.

Togethemwith the management and development of currentlyplace infrastructure (like sea
and air transport systems), recent optimisation frameworks are being developed for the
design of future infrastructure, like the hydrogen fuelling infrastructure. Basinthenvork

of Agnolucciet al. (2013) on the development of SHIPMod (a mixideger linear
programming model for hydrogen supply chains optimisatiddmyreno-Benito et al. (2017)
propose a SHIPMod extension called MILP (rpeltiod spatiallyexplicit mixal-integer linear
programming) framework. They present an optimisation framework for hydrogen

infrastructure development to support a Ieearbon transport system transition in the UK.

In 2018, Triantafyllidiset al. (2018) presented resilience.io: an integrated optimisation
platform for sustainable resource infrastructure planning. This platform makes use of-mixed

integer linear programming to assess new infrastructure designs. The -ohjdiitive
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optimisation process aims at findirsgistainable and cosgffective solutions to support and

guide future infrastructure development.

In the following yearAlhamwiet al. (2019)developed FlexiGIS: a di&ed framework for
the optimal allocation of distributed battery storage in urban energy systems. In their case
study of Oldenburg (Germany), FI8i6 can evaluate different energy scenarios and provide

optimal solutions for the urban energy infrastructure.

Multi-objective optimisation in the infrastructure field is not only applied to the improvement
of infrastructures themselves but also their fund allocation decisiomaking process. In this
regard, Samaniego and Treuner (20063ed simulated annealing for the optimisation of
infrastructure investments in a region. More recently, insteGdadet al. (2018)developed

an optimisation framework able to hafel conflicting objectives to support stakeholders in

fund-allocation problems.

OléronEvans and Salhab (2024pplied multiobjective spatial optimisation to assess the
feasibility and the progress of the HeatlhwoAirport expansion They make use of linear
programming for a mukobjective optimisation of land uses in thdeathrow Opportunity

Area identified inthe London PlafGreater London Authority, 2021Jhe ultimate goal of this

study is to identify how land uses can be best allocated to maximise home, job and gross value
I RRSR Ay (GKSANI addzRe FNBF YSSGAy3a 3INBSY o
objectives.

In parallel, the literature is rich in examples of the development of digital tools for the risk
assessments of infrastructure and urban systems. For inst&ioenet al. (2016)present a

set of Gl$ased tools for flood damage assessment in megacities, including the combination
of multiple events to make predictions omaual damage expectations. Besidéganget al.

(2018), developed an integrated holistic framework for higésolution urban flood modelling.

The framework makes use of a Cellular Automata model for flood inundation simulation, and
it can take into account multiple information sources and urban featufégse support tools

are fundamental for optimisation applications as they allow to make realistic assumptions on

hazards and risks at the base of infrastructure systems resilience evaluations.
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These examples show how mudibjective optimisation researchior better and more
sustainable infrastructure systems and services is in rapid evolution and the RAO framework

presented in this work adds up to the many applications developed in recent years in this field.

Computer methods allow considering a widenge of solutions with avast number of
variables. This, in turn, allows considering compterfigurations with reasonably short
solving times. The conceptual and mathematical formulation of optimisation problems,

though, is independendf the computationakechnique adopted to get to the final solutions.

Human intuitionor by hand solutiorcantacklethe same kind obptimisationproblemsthat
machines solve, only witfewer variables, less formulation complexity and longer times.
Concerning spatial optimitan, for simple problems,human intuition canalso quite
straightforwardlyguess optnal solutions (witha considerablylow margin of error) without
even perform any calculation. Therefore, as a matter of example, if the problem is optimising
the placemen of a retail centre in a densely populated area, it is intuitive to place it
somewhere near the geographical centroldowever,when, for instance, we want ttake

into considerationtravel times instead of Euclidean distandegether with different
transportation means (like cars, buses and trains) involving a cost variable to the problem and
maybenot of just one asset, butumerouddifferent retail centres, all with different typologies

of target clientele, human intuition is not enough anymofee complexity of the problem

requiresa precisemathematical formulatiorand a computer to solve it.

Asexplained byPapadimitriou and Steiglitz (1998)ptimisation problems are mathematical
approaches aimed at exploring, comparing and selecting potential solutions until an optimum
is reached. Thelements of any optimisation problem ard) the variables involved) the

objective functions to optimise angl the constraints defining the problem.

The nature of the variables involved in an optimisation problem defines the typology of the
problem itself. The complete set of the variables form the variable spadese dimension is

defined bytheir numbere:
& whomBho (3.1
Variables may consist of different kinds of datgypes: integer,discrete, binary or a

combination of them. Integer programming makes exclusive use of integer or binary values
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when the objective function and the constraints are linear, the approach can be defined as
GAYUGSIASNI Ay S NIPadhtEnHriNg and” Steightz, 1908rpm the spatial
optimisation point of viewseveral studies adopted integer programming, lkertset al.
(2003)for multi-site landuse allocatiorand AlvarezMirandaet al. (2020)for multi-criteria

multi-action conservation plans.

Discrete variables can be used to define @byl characteristics or different strategies in
different optimisation problems like ibiet al. (2009)with truss structures or iWWoodwardet

al. (2014)with flood management decisions.

Mixed-integer problems, instead, are those problems that make use of bothaesand non
discrete variables. Again, in the literature is possible to find different spatial problems that
have been tackled with this kind of approach, Be&houwenaarst al.(2001)with their multi-
vehicle path planning application Molina Baccaet al. (2020)and their framework aimed at

the determinationof optimal microgrid configuration, capacity, and geographical location.

Optimisation problem&imto find optimal sets or combinations of those variables according
to the very nature of the problem to solve. The problem formulatitrerefore, translates
into the definition of objective functions to eithdse minimised or maximise. Objective
functions "Qare dependent from a set of variables. The collection of all thé objective

functions"Q& constitutes the set of objective function® .

oW MQohQwBhQ o (3.2

Objective functions measure the performance of differenssdtvariables; the totality of such
performances constitutes the objective space. The final goal of the optimisation process is to
find the configurationi that generates ariO& in the best possible region of the objective

space(CaparrosMidwood, 2015)

Finally,setting constraints may be necessary to restrain the donwithe variables dining

the problem. Very oftenthey aimto eliminate or notevenconsider unfeasible solutions or,

in other words, to set the boundaries of the inspection field. For example, regarding spatial
optimisation, defining physical boundaries is necessary tockefar solutions only inside the
case study areaAnather kind of constraints in the spatial optimisation field can regard the

guality of the solution instead of their location; for instance, in land use allocation problems,
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only a limited set of potentidand uses could be available fepecifiedlocations. A specific
constraint is therefore needed to define the range of available choicesQ@isniret al. (20102 a

land use application

3.3.Multi-objective optimisation problems

Spatial optimisation, together with many other problem typologies, often require multiple
objectives to optimise simultaneously, hence the nded a multiobjective optimisation
approach. These multiple objective are by nature conflicting (otherwise, they could be
modelledor mathematically reduceds a single objectivedhis implies that a single optimal
solutiondoes not exist. Instead, a setdaifferent optimal solutions that balance the tradsf
between the conflicting objectives can be found with tditferent maintechniques: weighted

sum and Paretapptimisation.

Weighted sum approach was the traditional methodology adopted for roblective
optimisation problemgJoneset al., 2002) as itis computationally less demanding. It consists
in the reduction of the multbbjective optimisation problem to a singtéjective optimisation
problem by means of weights applied to the diffat functions to optimiseThe result is the
maximisation or minimisation of a single objective functi@n that is the sum of all the

objective functions multiplied by their specific weight (preference vector).

O 0Q VQ E 0 (3.3)

A single solutioriO is the result of the process of either maximisation or minimisation, and
this solution is the optimal solution for the whole muttbjective optimisation problemTo
avoid complicationsalated to different orders of magnitude or scale of different optimisation
functions, it is common practice to adopt weights that add up tantl/or to normalise the

objectivefunctions(Eastmaret al., 1995; Maliszewslat al.,, 2012)

As well as for the weights, the values of the normalised funct@ns wouldbe in the range

~

TUD :

. Q0
Q — (3.4)
Q Q

With'Q and™Q respectively the maximum and the minimum value of thection™Q
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Paretcoptimisation, instead, keeps the objective functions separate and independent from
each other. In his book on genetic algorithn@pldberg (1989¢xplainshow the base of
Paretcoptimisation is theO2 y OSLIJi 2 F WR 2 Ydpmisdtian2ay'sOlddion lisy’ t |
definedas2 LIAA Yl f RBPYAYI A 8R@ya¥ |ye 20KSNJ az2f dz
minimisation problem, a solution is definedasd y RY2 YA Y I (1 SR¢ i06ifd idnota 2 f dzl

worse thani in all objectives and it is strictly better in at least one objective:
Qi Qi & pheB (3.5)

Qi Qi Q¢ D@ QEisdn phehB hY (3.6)

Where™Q are theN objective functions. For a maximisation problem, instead, the definition

becomes:
Qi Qi & phMBh (3.7)

Qi Qi Q¢ d @ QdEied phoB hY (3.8)

After the application of a nodominated sortingalgorithm Quet al. (2007) Mishra and Harit
(2010), the previous equations are applied to all the search results, S, to determine a set of
non-dominated ®lutions (CaparrosMidwood, 2015) Such nordominated solutions are
selected and saved siathey are equally Paretoptimal, and no other solution could provide

an improvement of one objective without worseg the others. The result is a Paretmnt

like the ones showin Figure6, according to the naturef the multiobjective optimisation

problem (minimisation or maximisation).

53



e e . L 3 . s .
Minimisation problem Maximisation problem
A A Solutions A Solutions
— Pareto front — Pareto front
[ A A —*“:“L\\
A A A A a A i
| A A A A A o
f AL a0 T ] 4 AL A
\A A A A A a LAY
A A A A A A p
- A A A R A A4 A\
A A A A
A A
\L___ A A A A N AA ‘\
~A
—— A A A A
A
fy fy

Figure6 - Examples of solutions space and Pareto fronts for robjgctive minimisaon and maximisation problems.

Comparing the two approaches, a disadvantage of weighted sum with respect to Pareto
optimisation is the high dependence of final results from initial assumptions. The weighting
system of different objective functions is arpriori decision that heavily influences the entire
optimisation process because it assigns different priorities to different objectdeBning
weights can be a rather arbitrary decision; also a priori knowledge for such a definition is not

alwaysavailable.

Paretcoptimisation allows avoiding the a priori determination of weighting vectors. On the
other hand, Paretapptimisation produces a set of equally optinsallutions leaving the user

to decidewhich solution may be more suitable for their jtlem. To make this choice, a high
level of knowledge is requiredfter the optimisation process, while in weighted sum a high

level of knowledge is required a priori in the choice of wesg@aparrosMidwood, 2015)

Paretooptimisation is more computationally demanding than weighted sum because of the
exploration of abroader range of potentialsolutions. For this reason, weighted sum

approaches are still used for applicatgthat require quick result§Sayerst al., 2014).

Goal Programming is a particular kind of weighted sum: weight vectors dynamically change
during the optimisation process.nAextensie literature is available concerning different
applications of this technique like @aoet al.(2012) Stewart and Janssen (201Romeroet

al. (1998)and Aertset al. (2005)

The best advantagef Pareteoptimisaion over weighted sm approaches is the display of

the Paretefront. It allows exploring multiple solutions that optimally balance the tradie
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between conflicting objectives, allowing cdstnefit analyses among different optimal

solutions, ultimately poviding a richer outcome.

For these reasons, Paretptimisation is the methodology chosen for the spatial multi
objective optimisation frameworgresented in Chaptet. This methodology is largely used in
spatial optimisation applications literature likeaparrosMidwood (2015)KhaliliDamghanet

al. (2014) JiangPing and Qun (2009Masoomiet al. (2013)and OléronEvans and Salhab
(2021) Moreover, the production of Paretfsonts allows ideal final userf the Resource
Allocation Optimisation framework (i.e. urban planners dealing with emergency response
managenent) to perform the cosbenefit analysis at the base of their decisioraking

process.

3.4.Literaturereview of spatial optimisation techniques

Following orfrom CaparrosMidwood (201524 NB @A S ¢ 2 T niguésihs sektian: G A 2 y

explores different approaches available in the literature to solve spatial optimisation problems
with the aim of understanding which of them is the most appropriate to address the present
research questions. This review will start investigatingre straightforwardapproaches
progressing to more sophisticated oneBhe scope of the review is not to sawhich
approachis the absolute best, as different techniques are more suitable to solve different
problems Moreover, in the choice of different approaches, it is always important to keep in
mind the tradeoff between the quality of the results and tlm®mputational effort necessary

to achieve them; it is therefore up to the modeller to choose the most appropriate spatial
optimisation technique that best suits their needs in terms of quality of results and

affordability.

3.4.1. Linear programming

Linearprogramming is an efficient optimisation technique for those problems that can be
mathematically formulated as linear in terms of variables and constraints; it is siamulehe
quality of the results is directly proportional to the fit of the problem wihe linear model
(Chuvieco, 1993; Tarp and Helles, 1997; @ral., 2011) A simple exemplary mathematical
formulation is provided byArthur and Nalle (1997)
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oy o (3.9)

Where the optimisatia is either a maximisation or a minimisati@ris a linear function of the
variables vectothand 6 and Grepresent any combination of matrixector able to define a

linear constraint on the variablaes

The first landuse application in the literaturds Schlager (1965where a computebased
resolution via linear programming is advanced for the first time. Numerous other applications
have been developed, among which the already citéduvieco (1993with his rural
unemployment minimisation case studgromley and Hanink (1999ith their raster GIS
implementation Aertset al. (2003)and their multisite landuse allocation (MLUA) problem
and OléronEvans and Salhab (2023yith their land use allocation optimisation in the

Heathrow Opportunity Area

Linear integer programming (LIP) is a particular kind of linear programming whgebles
only have integer values; the MLUA problem mentioned ab@\erts et al., 2003)is an
example: each land parcel has an integer value assigned corresponding to itsstaidso
[ A3Y VY nepal.$2006yhade luse of linear integer programming in th&nd-use
optimisation application on a hypothetical 400 cells raster case sflidyseffet al. (2016)
instead, make use of mixedteger linear programming to design flood structural mitigation

measures.

Baskent and Keles (200&hd Qianet al. (2010)are examples of applicatiarthat tried to
overcome a classical limitation of linear programming: the ability to model only single
objective optimisation problemdn their studies, respectively on forest planning dad-use
optimisation, they translate the multiobjective optimisation problem into a single objective
one by turning the extrabjectives into constraintAertset al. (2003) instead, transformed
their multiple objectives into a single one by the attribution of weights (weighted sum) in

order to be able to solve the problem with linear programming.

Notwithstanding this limitation, linear programming has beeidely used in urban planning
studies. In addition to the papers mentioned aboveamong many othersMaoh and
Kanaroglou (2009 eveloped an operational integrated transportation and lausk model

(ITLUM) for two Canadiarnties andLoonenet al.(2007)compared the performance of linear
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programming and genetic algorithms on different case studied charactebgedifferent
complexities. Their outcomes proved that for simpler problems, the performances are
comparable, but whenthe complexity or the number of variables increasespre

sophisticatedmethodologies are necessary to achieve good results.

3.4.2. Simulated annealing

Simulated annealing is a mekeuristic approach. Metheuristic approaches differ from
linear programming bexuse they do not guarantee the finding of the global optimoithe
problemas the search mechanism is not exhauste the other hand, their great advantage
is the possibility to widen the search keepingn times acceptable, consequently making
feasible the solution of more complex problenflsoonenet al, 2007) This additional
complexity is translated aa higher number of variables taken into consideratianricher
formulation of objective functions (not linear) andome flexible constraints definitian

(Papadimitriou and Steiglit2998)

Kirkpatick et al. (1983)was the first application of simulated annealing to optimisation
problems, the approach is inspired by the physical processoofing of metalsand it is
designed to find the global minimum of an objective function avoiding to getksin local
optima (Luke, 2015)A full mathematical formulation is provided Byartset al. (2005)and it

is summarised bpowsland (1993as the following. The approach is very similar to the hill
climbing ongWeise, 2011)with the only exception that not only neighbouring solutions that
improve the objective function are accepted, but also solutithrat result in a worsening with

a certain probabilityd 1 . This probabilitydecreases with the progression of the aiigom
and itsprimaryfunction is to avoid local optim@urray and Church, 1996)he mathemacal

formulation provided byDowsland (1993:
0 ‘ol (3.10)

Where| is the change in the objectiieinction andthe parameteroA & OF f § SR Wi SY
as the terminology follows the physical analogy with metal annealihg.temperatured has
Yy AYAGAFE KAIK GFfdzS Ay 2NRENYIGR2QE 2 R2deid & 2 \R
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decreases progressively according to theoling schdule (Dowsland, 1993; Caparros

Midwood, 2015)

Although simulated annealing cannot guarantee the finding of the glaipéilmum (Rothlauf,
2011) it is however,likely to provide good solutiosain de@nt run times if the parameters
governing the algorithm areappropriatdy set. The common issue among all heuristic
approachs is the balancing of the trad#f betweenthe quality of results and feasible run
times. For simulated annealing, the main parderegoverning the convergence is the
temperature. High initial values artigh variabilitiesallow wider searches and potentially
better results as the solution space is more widely covered, but the cost of this is translated

as higher computational effast{Dowsland, 1996; Caparrddidwood, 2015)

Simulated annealing has been proved an efficient tool to solve spatial optimisation problem
as the widditerature available demonstrate#\ significant examplés provided byAerts and
Heuvelink (2002)vho used simulated annealing to solve a Hmear optimisation problem

for multi-site land-use allocation (MLUA) applied to a case study in Galicia (Spaiother
study that makes use of simulated annealin@&ntéRiveiraet al.(2008) where the authors
aimto allocate land units to a set of possible uses in the Teréad@trict (Galicia, Spainn
addition,/ T 8T dF 1 F YR Wiedlogeda rackdirk to fnsl goduyapproximations

of the solution set for a mukpbjective combinatoriboptimisation problem (Pareto simulated
annealing).Finally,Nam and Park (200@eveloped amulti-objective simulated annealing
strategy able to compete ansbmetimes toperform even betterthan gendic algorithms in
finding the Pareto front. That quality comes with a price though, as such good performances

are only achievable for small problems.

3.4.3. Tabu search

Like simulated mnealing, tabu search is a met@uristic approachThe philosophy of tabu

aSFNDK Aa aAYATIFIN 2 aAayYdzZFGSR FyySIfAyaQa 2y
local optima.Glover (1986)is the first formation of tabu search, which hdmeen later

formalised inGlover (1989andGlover (199Q)The principle of this methodology 1o avoiding

local suboptima by: 1) allowing inferior solutions if no improvement is available and 2)

LINPKAOAGAY I 6KSYyOS (GKS GSNXY Wil 6dzQu O2y aiRSNA
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Sunget al. (2007)used tabu search to solve a water distribution optimisafwoblem. They
applied their methodology to three case studies: New York, Hanoi and Taichung, with good
results in terms ofjuality and computationagffort. Lianget al. (2004)applied tabu search to
design gravity wastewater collection systems (GWCS) incorporating adaptive rule and a
dynamic search strategp find better solutions Another network application i€ostamagna

et al. (1998) where tabu search is applied to broadband communication networks topological
optimisation. These are examples where tabu search is a particularly efficient technique in
terms ofresults quality and run times, but its limitation is its efficient applicability to discrete
problems. When the variables are continuous or the complexity of the problem increases, the
computational effort becomes too demanding and other heuristic apgneagrovide better

balancing of the trad®ff between quality of results and low run timé€shanget al.,, 2010)

3.4.4. Particle swarm

Differently from simulated annealing and tabu search, Particle swarm is a popubstsatd
method. The main difference consists in the fact that it is not a single (the best) solution to be
analysed and assessed at each step of the process, but insteatme population of

potential solutions in the spirit of Pareto optimisation.

This methodology has been first proposedksnnedy and Eberhart (199%)a paper where

they explain the naturdbased inspiration of the method: birds flockir@plutions are regarded
aspartid S& GKFG fG23SGKSNI F2NY GKS Waglk NYQod ¢
change their position during the iterations, exchanging information of their position in the

process.

Pulido and Coello Coello (20Qzgtpvide a clear formulation: the best position of the particle
at each iteration is stored in a variabt2 and the best solutions of theshole process are
stored inf| . A velocity vectofor each'Q@imension for the particleo then determines

where and how the swarm will move at the next iteration:

@ 03W OA N {5 W ®d Q ; (3.11)
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Where® and® are randomly generated numbers in the empirically derived range [1.5, 2.5]
andi andi are random values in the range [0.0, 10]A & O € f SR WAw NI A |

the current position in the solution space.

t I NI A O fsBatu enakesNt Suitable for Pareto optimisati@@aparrosVidwood, 2015)
and particulary good in local search for soluti@where other evolutionary techniques are
not always efficient without the necessity to implement sophisticate evolutionary operators
(Bai, 2010)

Paticle swarm optimisation has been used for different applications, likdlasoomiet al.
(2013)for land-use allocation oReddy and Nagesh Kumar (20031 reservoir operation
optimisation. Nevertheless, itloes not appear ideal for land use problems due to the

requirement of continuous variablddaet al,, 2011)

3.4.5. Genetic algorithms

Genetic Algorithms (GAs), like particle swarm, ar@opulationrbased methodology first
developed in 1975 and later republished Hglland (1992)The most significant contribution

for GAs formulation has been given ®pldberg (1989)GAs are inspired by natural evolution
(hence their name) in the sense that they evolve a population of potential solutions to their
Paretooptimal state. This evolution process is based on the application olugenary
operators meant to assess and select the best candidates of each generation to produce a new

generation by mating and mutating them.

GAs are part of the larger family of Evolutionary Algorithms (EAs), which also include
Evolutionary ProgrammindEP) (Fogel et al, 1966) and Evolutionary Strategies (ESSs)
(Rechenberg, 19737l these techniques are inspired by natural evolution and are variants
basing on the same princglin particular,genetic algorithms simulate the evolution process

by the application of three evolutionary operators: selection, crossovemauiztion.
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Figure7 - General workflow of a genetic algorithrRicture fromLopane et al. (2019)

Figure 7 represents a generic workflow of a genetic algorithm. An initial population of
potential solutions is generated and evaluated; the best candidates are selected to produce
the following generation, which is assessed again with the process continuingasitp

criterion is met(for more details see sectiof.4). Crucial to this process is the definition of
the selection process, aslike in natural @olution ¢ it is the main factor in deciding which

solutions survive and which are discardedldberg and Deb (1991)

An advantage of genetic algorithms, with respect to dated annealing and tabu search, is
their ability to explorebroader areas of the solution space thanks to the crossover operator
(for a formal definition see sectiod.4). This allows finding global optima of different
combinatorial problers with considerably shorter run tim¢Reeves, 1995; Mitchell, 1998;

CaparrosMidwood, 2015)

D! Qa R &alsb ¢ad40 & downside: the difficulty in setting constraints. Again, here the
crossover operatoisthe main factor: swapping attributes between different solutions makes
it difficult to meet different boundaries, both numerical and spat\rious techniques ca
be adopted to overcome sudtifficulties;they are described i@hapter4 in the constraints

section.

GAs are the methodology adopted by a very high number of apstiidies, likeCaparros

Midwood et al. (2019) CaparrosMidwood et al. (2017) Stewart and Janssen (2014)
Sidiropoulos and Fotakis (200@omberet al. (2009) Aertset al. (2005) andFeng and Lin
(1999) GAs are widely used since they are particularly suitable for addressing problems

considering large areas athigh number of vaables(Loonenet al., 2007)
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Several differenapproaches are available to handle evolution processes, the principal ones
are: 1) the PAES (Pareto Archive Evolutionary Stra(gmgwles and Corne, 200®) the
NSGAI (Nonrdominated Sorting Genetic Algorithtt) (Deb, 2000and 3) the SPEA2 (Strength
Pareto Evolutionary Algorithm Zitzleret al,, 2001) Of these, the last two are the most used

with GAs since the firgthe PAESS not a populatiorbased method.

The Nondominated Sorting Genetic Algorithm prevents Partmt regression during the
iterative process by considering the best solution of both the current and the previous
generation (Deb, 2001)The Strength Pareto Evolutionary Algorithm, insteasjgns different
ranks to all the solutions basing on their level of dominaitigzleret al., 2001) It is not
possible to state which methodology is best in absolute terms, as one may be more
appropriate than theother for some applications and the opposite can be true for otherskind

of problems(Konaket al,, 2006) It is easier to claim, though, that SPEAQuireson average
longer running times than NSGKLuke, 2015)

NSGAI has been widely used in spatial applications, lik&KhgliliDamghanget al. (2014)for
land-use allocation,Shimamoto et al. (2010) for transit network optimisation (applied to
| ANRPAKAYl Q& oCdrt aly(D1R)o? MNdtainable jamiise optimisation.

3.5.Contribution of this research to the optimisatiogldi

This research grounds on the wide litare¢ of optimisation applications presented in section
3.4, and in particular contributes in expanding the knowledge of the-feeld of multr
objective spatial optimisation applied to resource allocation problerAs. highlighted in
section3.4.5 Genetic Algorithms have a number of different advantages that make them
particularly suitable to solve muitbjective optimisation problems. However, despite
representing the best available choice for the development ofRA€framework (described

in Chapter 4), when solving problems involving big data (e.g. due to wide geographical areas

or high resolutions), long run times can constitute a limitation of thishodblogy.

This research contributes in improving the performance and the efficiency of evolutionary
programming, by coupling it with Machine Learnifige. GAs and -Kheans clustering
algorithms) To speed up the evolution process, initial popultions ateraoedomly generated;

instead, the GA is seeded with spatial plans resulting frommae#&ns clustering process (for
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more details, see Chaptef). Thisallows wider sarches, bigger case studies, higher

resolutions and a higher number of variables.

Two are the main contributions of this work to the spatial optimisation discipline: first a novel
methodological framework that couples Genetic Algorithms evolutionary prograg with

an initialitisation procedurethat makes use of Machine Learning; second, a software
optimisation application developed in Python and available on Github
(github.com/fdlopane/RAO_HumberEstuaryto solve multiobjective spatial optimisation
problems applied to infrastructure resilience to natural disasters. The software is open source

and it is available to the scientific community to download and use

3.6.Summary

Chapter3 presented a literature review of available techniques to address spatial planning
optimisation. Firstthe concepts of mathematical and spatial optimisation are introduaed

then an overview of potential techniques is presented with the aim to understand which of
these is more suitable to address the problem of interest of this reseakamong the
approaches introduced in sectioB.4, genetic algorithms are identified as the most
appropriate technique for the development of tHeAOframework presented irChapter 4.
Finally, sectiorB.5 identifies the contributions of this research to the spatial optimisation
discipline highlighting the theotieal advances and the technical improvements presented in

this wok.
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4. RAO (Resource Allocation Optimisaticetnework

4.1.IntroductionChapter4

Chapter4 introduces the Resource Allocation Optimisatid®AO)ramework. Thechapter
describes the architecture and conceptual background of the methodology adopted by this
research together withthe software implementation of the theoretical framework with an
indication of the several phases and modules involved in the prasession4.2). Details
concerning the choice of the development environment can be found in sedt@while
section4.4 presentsa description of the genetic algorithm adopted for the mualkijective

spatial optimisation.

4.2.Problem formulation optimal resource allocation

4.2.1. Optimisationmethodology

The aim ofhis researclis the determination of Paretoptimal locations for different facilities
(warehouses, clinics etc.) with respect to multiple conflicting objectifiess different

formulations of accessibility and cost functions)

Among several spatial optimisation approachess (discussed in Chapt&®), a Genetic
Algorithm (GAmay bechosen to balance the tradeff between the conflicting objectes
Section 3.4.5 highlighted the efficacy of GAf®r multi-objective optimisationand their
application within urban science scholarstgpsen their improved corergence and quick run
timeg(Xiaoet al., 2007; Sidiropoulos and Fotakis, 2009; Capakfimsvood, 2015)

The presented RAO framework is compoeétthree phases: Unitialisationphase, 25olution

phase and 3)Qutput phase. In thelnitialisation phase, georeferenced vector and raster
datasets are imported and elaborated. At this stage, if not directly imported from the input
RFGFZ +y al @F At oAt jallitBeéposBiielidcaiidhsi thak can be pag bfi S R
potential solutions are storedhe solution phase involves the GA, here a set of initial solutions

(i.e. spatial plans) is generated and then evolved to its Payptonal state by the application

of three evolutionary operators: selection, crossover and mutas@eChapterd.2.2). Finally,

the output phasepresentsthe results in different forms: Pareto fronts, tables and Shapefiles

for GIS map visualisation.
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The optimisation cririon for the choice of solutions is Paregfficiency,a methodology that

has been widely utilised in engineering, urban planning and infrastructure optimisation
(VamvakeridotLyroudiaet al., 2005; JiangPing and Qun, 2009; Cat al., 2011; Fuwet al,

2012) The main advantage of this approach is its independence from any a priori preference

(in contrast with other traditional methods like weighted sums). In a rabfective
2LIAYAALFGA2Y LINROf SYS 12 LJa 2 Wasefl foRthe concept RSTFA Y SR
domination (Goldberg, 1989)a solution is optimal if it isnond2 YAY I 6 SRé¢ o0& | ye@

solution.

Considering the minimisation problem, a solution is definedas cnon-dominatect by a
solutioni ifi is not wase thani in all objectives and it is strictly better in at least one

objective:
Qi Qi & phBh (4.1)
Qi Qi Q¢ d @ QdEied phoB h (4.2)
Where™Qare theN objective functions. For a maximisation problem, instead, the definition
becomes:
Qi Qi & phB (4.3)
Qi Qi Qe dd QEEiEdEN phoB R (4.4)
After the application of a nodominated sorting algorithnjDuet al,, 2007; Mishra and Harrit,
2010) the previous equations are applied to all search results, S, to determine a set-of non
dominated solutions. Such nefominated solutions areelected and savedince theg/ are

equally Pareteoptimal and no other solution could provide an improvement of one objective

without worseringthe others.

4.2.2. Framework structurand software implementation

As introduced irfChapter4.2.1, the RAO framework is structured in three phases: Input phase,
Solution phase and Output phase. The Solution phase, in turn, can be subdivided in different

processes, as highlighted kigure8.
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1) Initialisation phase (Section 4.2.2.1)
Initialisation Inma!
Population
(Section 4.2.2.2)
2) Iterator
) ForG
generations
i parents g /
3) Evolutionary l
operators Crossover
(Section 4.2.2.3)
l 4) Constraints and Evaluatel
parents g+1 Mutation Constr_amt
Handling
[ |
i ; ; Evaluate
offspring g / - F = (fdist, fcost)
(Section 4.2.2.4)
9
—> Selection .
5) MOPO Set maintenance|
| (Section 4.2.2.5)
arents a1 Update non-
P g dominated list
False
MOPO set
N
True
6) Output (Section 4.2.2.6)
MOPO set
N

Non-dominated

sorting
Pareto-
optimal set

Figure8 - Resource Allocation Optimisation framework flowchaith indication of sections numbers where the differe
components are described.

Figure8 presents the phases and the components of the implemented RAO framework.
Passing through six different phases and the iterative process, the framework generates and

evolves a set of solutions to get to the final Multbjective ParetéDptimal (MOPO) set.N
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Referring to the framework structure describedfigure8, a series of modules have been
developed to handle the different operations belonging to tkeveral phases of the

optimisation framework.

Initialisation module

- Creation of availability K-means module

P Lookup > K-means clusterin
- Creation of individuals/ &
populaions
Network analysis module l
- Distance Lookup

f Constraints module
- Constraints functions

Main module
Environment from which
all the other functions/
modules are called.

Evaluation module
P - Objective functions = A
- Fitnesses

Genetic Algorithm
P - GA iterative process
- Pareto-optimal solutions

Output module
P - Results: Pareto fronts
and spatial plans

Figure9 - Scheme of the python modules of the Resource Allocation Optimisation (RAO) framework with respe
functions and dependencies

Figure 9 presents an overview of the different python modules composing the RAO
framework. The main module is where the principal parameters of the problem are defined
by the user (see the case studiebapterss and6 for more details concerning the parameters
governing the problemand from which the Genatialgorithm is run (see sectioh4). From

here, a series of dependent modules are called where needed.

The main modul@lso allows the useilo choose among a broad range of different scenarios

to be run by the RAO framework: a significant step forward in termssef interface and

software structure has been made with respect to previous optimisation framework that

made use of genetic algorithm€gparrosMidwood (2015) @ ¢ KS A Yy i NRB RdzZOG A2y 2
in the main module allowshe user to more easilgefine parameters withirthe problem

formulation section of the code and ultimatelgreate a more user friendly working

environment.
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The Initialisation module is where georeferenced input data are imported, and the
WHvailable Looku@is created(see sectiort.2.2.]). Once the initialisation phass completed

the iterative process of the genetic algorithm can stdne Initialisation modul@lso relieon

the results of the Kneans module for the creation of the first generation. Spatial plans are
then evaluated by the application of the functions of the Evaluation mo¢igscribed in
section4.2.2.4, which, in turn, relies on the results produced by the natkvanalysis module

(presented in sectiod.2.2.]).

The Kmeans module is independeit the other modules of the RAO, it is run beforehand
and its resultsare used to create the first generation of solutionk-means clustering
(Ostrovskyet al, 2013)is an unsupervisedMachine learning (ML) techniqgue aimed at
partitioning a series of data into'Qclusters (hence the name). The Sel&atrn (Pedregosat

al., 2011; Buitinclet al,, 2013)open source Python modulgilisesa kmeans clustering of all

the available locationsnd finding the centroids of these clusters. Different numbers of
clusters are taken into consideratiore.g. in Chapter5 case study:same range of
minimum/maximum number of warehouses) and the coordinates of their centroids are saved

and stored in the results folder.

The aim ofthe kmeansmodule is to perform a&-means clustering of the target assets
(destinations of the network analysis) and determine the centroids of the identified clusters.
This information is useful for seeding the algorithm with-raddomly generated initial spatial
plans.According to thecase studythe user is able to decide whether to run thart€ans

Of dZAGSNAY3I 2N y20T GKA& RSOA&aA2Yy RHedbsyRa
clustering speeds up the optimisation process, but also constrains the research space: not
includingthe Kkmeans clustering would lead to longer run times, but the inspected solution
space would be wideBalancing the tradeoff between quality of results and run times is one

of the main advantages of heuristic methoder more details on this topiseeChapter3.

The Network analysis module is run in parallel. Through Netw(Hlagberget al., 2008) a
network analysis is performetb calculatethe shortest paths from each origin to each
destination. Theesults (expressing distances in terms of travel times) are save®istance
Lookugxontaining the travel times from each available location to every target asset present

in the case study are@more details on this procedure in sectidr.2.]).
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The Constraints moduléescribed in sectiod.2.2.4contains all the functions that represent
the constraints of the problem, functions that are needed when spatial plans are created both

in the initialisation phase and after the application of the evolutionary operators.

Finally, after the last iteratioof the evolutionary process, the Output modifectiond.2.2.9
is called directly from the Main environment to produce a log file with the details of each
particular run and the results in the form of Pareto fronts plots and georeferenced datasets

containing the spatial plans of Paretptimal solutions.

4.2.2.1. |Initialisation phase

In this initial phase, a set of georeferenced datasets are importeéd the Python
environnment. A first innovative feature of the RAO framewprkith respect toprevious
optimisation platforms (e.gCaparrosMidwood (2015), consists in its flexibility in terms of
input data. Bothvector and rastedatasets can be used as inputs to model the geographies
and the constraints of the case study areas. This allows a widesfaaability and scalability

of the methodology to different areas and scaiesesponse talifferent dataformats.

These datasets are pyq@ocessed in a GIS environment and they represensgaial domain

of the case studyDifferent case studiesely upon different datasets and typicalbonsist of

the road network, destinations (e.g. strategic infrastructure assets to be protected during

flood events), constraints etclThe initialisationprocesses ardiandled by the Initialise.py

module whichcontainsseveral functions designed to import spatial data and generate lookup
GFoftSa FyR &aLJ GAl f ethihdir gplinaal stakle hydre jetiekiRalgorithd. S @2t @

At this stageanother significant innovation is introduced to enhance the flexibilitg ¢he
transferability of the methodology: the option to choose whether to import an availability
raster or to automatically generate it. This is particularly relevant for transferability because
the knowledge of which are the suitable locations for th&afioptimal allocation of resources

is not always available in advanéeresponse to thease stug in questionthe modellemay

not know which locations are available for resource allocations or in other cases they might

not want to constrain thesearch to a set of prdetermined locations.

70



The two case studies presented in Chaptbr§UK) and6 (New Zealand) showcase the
adoption of these two assumptions: in the UK case study, the initialisation phase entails the
generation of an availability rastein the New Zealand case study, it is imported directly form
theinputd GF F2f RSN ¢KS AGDSYSNI GSy! @F At oAt Al
physical constraints to model natural barriers (like surface water) and logistic constraints (like
distance from main roads) to generate an availability raster where cellsdefieed as

Gl g AftroftSe AT GKS& YSSO Fff (Ksedciohve Ay da
The outcome is a georeferemteaster image ira GeoTFF format that can be importedtm

a GIS environment for visualisation purposes and that can be used in the RAO framework to

generate a lookup table of available locations.

Lookup tablesre alsogenerated in the initialisation phase; they arseful took to improve

the efficieny (and consequently reduce run times) of the whole framewprkmarily by
reducing the variables dimensiansince spatial data always have (at least) two dimensions,
they are represented as 2D variables, i.e. matrices. The uselkaip table allows to collapse
the bidimensionality into a 1D vector variable by creating a list of ordered tuples containing
the coordinates of each cdeeFigurel0). In this wayit is possible to store kdimensional
spatial data in monodimensional list of coordinates, ultimately making the entire framework

more computationally efficient.
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2D matrix 1D Lookup table

L vz | Vs | Ya| Vs | Vs | V7| Vs Ve [Vio

xg 1 )0 o|jo|(o|jO0O|(0O|O|O]|O

x;Jo0]1|0|ofo|ofofo|o0f0O Xy Y
x;|0[o]of1]|o|ofo|o|ofo XY
xs]0[0|o|o]|o|ofof1]|0]0 Xa:Ya
xs|o[o]ofo|o|ofo|o|ofo X2V
xs|0[0|o|o|o|ofofo]|o]o0 XorYa
x;Jol21]ofo|olefo|o|of0 XsVe

xs|0[ofo]o0 c( 1 )J 0fo0]|1 Xs:Y1o

= r

xs|0|0fo]ofo[oT0|0|[0]0 X10'Ya
xol0|0|l0]l2]|o|o]|o0|[0tele
Spatial data are usually represented as A vector representation allows to store
matrices, where the cells contain a value the coordinates of all those cells that
(e.g. 1 = available, 0 = not available) and have a particular value (e.g. all the
the rows and columns represent their available cells that have a value = 1)

coordinates.

Figurel0- Dimension reduction in Lookup table creation.

One of the most significant theoretical innovat&introduced in this thesis is the coupling of

the genetic algorithm prodedure with the -deans clustering methodology. Such a
combination of different appraches contributes in improving the performance and the
efficiency of evolutionary programming. To speed up the evolution process, initial popultions
are not randomly generated; instead, the GA is seeded with spatial plans resulting from a K
means clusterig process. This allows wider searches, bigger case studies, higher resolutions

and a higher number of variables.

Subsequently, a network analysis is performed to calculate travel times from each available
location and the closest clusteentroid The aalysis is performed evaluating shortest paths
where distances are measured as travel tim&ben, the available locations are ranked

according to their proximity to the centroid of their cluster.

The procedure described above is handled by the KMeans_dhgigy module, which
produces a series of outputshapefiles containing the centroids of all the generated clusters,

csv files containing the coordinates of tlwentroids of all the clusters and csv files with

72



available cells ranked according to theiédi Yy OS FTNRBY GKSANI Of dza G S NI
useful for visualisation purposes (shapefiles) and are used in the spatial plans generation when

creating populations of potential solutiorfssv files)

As mentioned above, the KMeans_clustering.py mednakes use of information regarding
distances among different locations (e.g. centorids and available cells). The evaluation of
distances is another stage of the initialisation phase, and it is carried out by the Network

Analysis Module.

The Network anlgsis module ighen runindependently from all the other modules of the RAO
framework (seeFigure9) and it prodcues a Distance Lookup containing all the distances
between the potential origins and all the potential destinations of the study area. This
information is necessary to perform the accessibility optimisataemtral to the RAO
framework. The input of this module is a shapefile representing the network on wbich
perform the distance analysis: the case studies of Chdpgard 6 use the road network and

distances are measured as travel times (expressed in minutes in the Distance Lookup).

The Network Analysis Module makes usetloé Python packag®&etworkX (Hagberg et al.,
2008),through which it is possible toalcuate the shorest paths from each origin to each
destinationusing DikstraQ & | f JrBAeNdidérkihé study area (or the higher its spatial
resolution), the higher the computational effort is; computing shortest paths with NetworkX
can result in long run times, thistlse reason why the evaluation of distances is not performed

at each iteration of the genetic algorithm, but it is performed in advance, and only once.

Once the Distance Lookup is created and saved in the data folder, it is possible to run as many
different possible scenarios as required by the user without having to perform a network
analysis every time. This results in considerainietsaving and ultimately a higher efficignc

of the whole optimisation frameworkwvhentravel time information is requiretyy the GA it

is directly loaded from the Distance Lookup table instead of being computed.

The last operation performed in the initialisation phase is the generation of spatial plans (in
Chapter5: warehouse spatial plans and in ChapseIGP clinicspatial plans).Spatial plans
constitute the initial population of potential safions that will be evolved to its Pareto
optimal state by the genetic algorithm further dm.this phase, spatial plans can be generated

either considering the #eans clustering algorithm seeding or neglecting it according to the
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search range). Both these two different options are presented in the case studies of Chapter

5and6.

The primary purpose of the spatial plan creation is the allocation of assets (i.e. warehouses in
Chapter5 case study, or clinics and general practitioners in Chaptease study) to the
available cells. Theumber of allocated assets is variable and it is randomly chosen within an
allowed range (defined by the user). The outcome ¥&etor (the spatial planyvith a length

equal to theLookup table (i.e. list of coordinates of available cells) and with vaigesl to O

and 1 according to wheter an asset (e.g. warehouse or clinic) is allocated to that particular
available cell (seBgurel11l). Representing spatial plans asctors containing zeroes and ones
rather than 2D matrices with values and coordinates allows lower run times due to a more
efficient data handlingThis operation is repeated a number of times equal to the dimension
of the initial population of solutiong¢defined by the usg that constitutes Generation 0 of
solutions, which will be evolved to its Paratptimal state in the Iterator described in Section

4222

Lookup table Spatial plan

XY z

X2/Y2 &

o0 £ 2 B E— i

XarYa '

XsYs T

XY T
The lookup table contains the XY T The spatial plans contain Os and 1s to
coordinates of all the available — indicate whether an asset is allocated
locations in the study area Xe:Vs L to a particular available cell.

XarYa -1

X10:Y10| \ I

X11Y11 I

X12:¥Y12 L

X13:Y13 L

X1a:Y1a L

X1s/Y1s L

Hgure 11 - Relationship between spatial plans (i.e. potential solutions) and Lookup table.

If the kMeans clustering module is used, 80%awhilable cellwill be randomly selected
among the top 50 ranking locations in term obgimity totheir clusteQ éntroid, while the

other20% ofii KS & LJ- (bdafiofis aleJtahdghflyZselected fromii the available locations
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of the Lookup tableThis means that, if the spatial plan has 10 warehouses or clinics to be
allocated, the KMeans Module will generate 10 clusters and 8 out of the 10 assets will be
Ot2asS (2 UGUKSANI Of dzZiGSNDa OSYiUNRARI 6KATS Gr¢
available cells in the area. @d percentages can be changed by the user according to the
scenario of interestlf the kmeans clustering is not performed, all the assets are randomly

selected from all the available locations.

The RAO framework also allows the user to choose drab include a distance constraint
in the initialisation phase: according to the study interests, the user can define a minimum
RAaGl yOS 0S¢ SS yForlinatan&e(iChaptdiprledergsQhie case iy ihith, in
the spatial plans generation, the distance between two allocated warehouses cannot be lower
than 10 kilometres. For transferability and scalability purposes, this value can be defined by

the user accordingatthe scale and resolution of the study area.

After the input data managing process, an initial populatohsolutionsis generated
(Generation Q)Thepopulation is made of individuals that represent singuslaatial plansand
it represens the initial parent set from which the following generatiose created (see
F2ft2gAy3 aSOGA2Yy FT2NJ Y2NB RSGlIAfA 2y S@2fd

4.2.2.2. lterator

The iterative processonstitute the central part of the RAO framework and it is the one that
requiresthe highest share of computational power. As showrFigure8, the iterator is
subdivided in a number of different phases analysed in more detail in the next seclioas
subsections of the iterator are: the application of the evolutionary operators (sedtg.3,

the evaluation phase with the application of constraints (secé#b®.2.4 and the Mult
Objective ParetéOptimal (MOPO) set maintenance (sectf.2.5. All these operations are
repeatedfor anumber G ofA G SN GA 2y a3 dgekekatoks | N DK S S&2 [

programming terminology.

The number of generationsG isan input parameter defined by the user (in the software
implementationit is represented by the variablIGEN. If the user does not have a prior
knowledge of the case framework, it is possible to calibrate the model by varying the number

G to determine whth is the most appropriate value. Very low values of G allow quick runs,
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but they do not guarantee exhaustive searches of the solution space, while high values of G
allow the inspection of a wider share of the solutions space with higher computational cost

and therefore higher run times.

The determination of an appropriate value for G consists in balancing the-ofidetween
quality of results and computational effort. An effective way to perform such a calibration is
analysing the evolution of the Pareto front. Typicadifter a certan number of generations,

the evolution of Pareto frontslows down the closer it gets to the mathematical solution of
the problem. After an optimal number G of generations, there is no further significant
improvement in the quality of solutiongigure1l2 shows an example for minimisation and
maximisation problems, while Chaptérand6 present applied examples of calibration of the

different case studies.

Minimisation problems Maximisation problems
b b
— Pareto fronts G=40 G =50 — Pareto fronts
: 6230 ~ T ——lT=a
—_ S
| |l G=20 ~——— SIS
| “‘\\ \\\\
HE \\ G=10 T T—__ N \\\\\
”: \ \ ~—o N
f I \ N f ~ - \ \ﬂ
2 Ly ~ 2 ~ A
“\ \ S~ N \ |||
\\\ \ -“-\__‘ \ 1 ”
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W\ ~o T——_6=10 \ |
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Te=—G=40
G =50

Figurel2 - Evolution of Pareto fronts for minimisation and maximisation problems. G represents the number of Generations
in the evolution process (the values are purely indicative).

Each generation has a parent sét ©@i ‘Q§ foom which the child seté("Qi i1 Qs Q
generatedby the application of the three evolutionary operators: selection, crossover and
mutation (see sectiord.2.2.3for more detais on pares and offspring in the evolution
process) In the following generatiofi.e. iteration) a new set of parents is created after the
application of the selection operator) @i ‘Q¢& OAt this point the process is repeated

assigning) @i Q¢ a)ini Q& ¢seeFigures).

The first generation of solutions (Generation 0) is created starting from the spatial plans
generated in the initialisation phase (see sectoR.2.]), and to impree the efficieng of data

handling in the iterative process, B8 (il K2y T dzy O (Gkn2ngite Bfdpos&IRSites
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further reduces the dimension diie spatial plan vectors decreasing the computational effort

required to storethe @I NJA lebgth Ssiskbwn iffigurel3.

Lookup table Spatial plan

) A
X2Y2 0
X3Y3 i
— — Proposed sit
roposed sites
Xs/Ys | 0 | P
Xs: Vs i | Xays
The lookup table contains the | *»Y7 | 0| o | Xeve
coordinates of all the available | x,y, (]
. . —— — P P9
locations in the study area XaY 1
— — [ — ST ET
X 1
10-Y10 | L] Xas Vs
X11Y11 i
X12:Y12 A The proposed sites variable
Xi3.Ya3 0 represents a potential solution;
| it only stores the coordinates of
X1a:Y1a 0
— the allocated assets
X1s:Y1s Ex

Figurel3- Creation of Proposed sites variable to reduce the dimension of the Spatial plan vector for a lighter and more
computaionally efficient data handling.

4.2.2.3. Evolutionary operators

The population of potential solutions generated in the initialisation phase (seétib@.]) are

evolved to their Paretptimal state in the iterative process presented in secdol.2.2 The

AL GALf LI riyiickshatBa@evdlutiohby dF YO A Y AY 3 a LIl NBy (¢ Lt
G2FFaLINAYIe LI Iya O2yaARSNAYy3a 020K daStSoa?
and random mutations taking place in the offspring generation. Tostede the concept of

natural evolution into computer programming, three evolutionary operators are introduced:

1) the crossover operator, 2) the mutation operator and finally 3) the selection operator.

The evolutionary operators are applied to the whokefsdzi A 2y a Q LJ2 Lddzf | GA 2 Y
(i.e. at each iteration) by the Genetic Algorithin.order togenerate new solutionavoidng

local optima (Rothlauf, 2011) the evolutionary operators of crossover and mutation are
applied to eachspatialplan with a probabilityn andn in the MuplusLambda
strategy (Mitchell, 1998)
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A two-point crossover operatofCaparrosMidwood, 2015)s consideredit worksby cutting
two solutions"Y and"Y hin two points & candc drandomly chosen such that 06x6s @ 6
L (with L = length oivand"Y). Their attributes are swapped in the central part of the ligt (
between @ cand & ¢) and two rew solutions"Yand "Yaare created with the following
formulation:

Y o@go o Y 0o o

Yoo ed Y O e (4.5)

T 00 0w ,

Figurel4 showsthe detailsthis process

(&S] Xz
1 -
S = [Sa,b r Sc,d r Se,f ] Sg,h ] Sj,k §om g SI,n‘l ’ Sn,o ’ Sp,q ’ Sr,s ]
2 —
S = [Sc,f ¥ Sd,g ¥ Se,h ¥ Sf,j ¥ Sg,k s o=y slo r Wm,p ¥ Sn,q ¥ So,r ]
1 -
S = [Sa,h ; Scd 5 Sef si5%F) s Sgk s e s slo 2 Wmpls Spg s Srs ]
2' —
S = [Sc,f ¥ Sd,g ¥ Se,h ¥ Sg.h ] Sj.k y == ¢ Slm r Sno iz Sn,q r So,r ]

Figurel4 - Two-point crossover operator mechanism, adapted fi@aparrosMidwood (2015)

Subsequently, with probabilityr) , the mutation operator is applied to those solutions

on which thecrossover has not been applied. In this process, a mutation of a randomly
selected@d 2 OF GA2Y GNIyaFT2N¥ya GKS az2f dzi A Figuref Ayl 2
15.

s = [ Sab + Scd i, Sef Sg,h r Sj,k ¢ o 2 Slm :iLsn,o j.r Sp,q + Srs ]
s = [ Sab s Scd s Sef Sg,h ’ Sj,k ¢ s 3 Slm risf,\f :, Sp,q y Srs ]

{= randomly selected for mutation

_________

Figurel5- Mutation operator mechanism, adapted froBaparrogMidwood (2015)
This operator has two advantagdhe possibility to improve the performance of a solution in
one or more objectives and the prevention of convergence on alsubset introducing new

random locationd YR ¢ARSYAy3d (GKS &SI NOK FNBIF Ay (KS &2
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Following this the selection operator is applied to generate a new set of solutions:
¢ "QQi 1 i TOe cbsen selection process is the dominated Sorting Genetic Algorithm 1l
(NSGAI) (Debet al., 2002) NSGAll is particularly appropriate fourban planningoroblems

and has beerextensively adoptedJaegget al, 208B; Zhang and Fujimura, 2010; Gzal.,
2011; Caparrodidwood et al, 2017) Cther conventional selection techniquessuch
agournament ard roulette selectionare inappropriate forMulti-Objective PareteOptimal
(MOPQ sets. Zhang and Fujimura (2018)soshow that NSGA is more efficient for muki
objective optimisation (compared to other widely utilised algorithms, like the Strength Pareto

Evoltionary Algorithm) in the estimation of the Pareto front.

4.2.2.4. Constraints and evaluate

The constrainhandling module(Corstraints.py in the Python software frameworky
designed tacertify that the generated spatial plans do not exceed the boundasfabe case
study areaand meet other kind of constraints like the minimum/maximum number of

allocated resourced-ollowing thisthey are evaluated against the objective functions.

As exhibited by Konak et al. (2006) constraint handling in genetic algorithms can be

performed with several expedients:

1 The removal of infeasible solutions.

2 The application of a penalty function to solutions that break constraints.
3. Production of only feasiblsolutions
4

Adjusting unfeasible solutions during the process.

Despite being verpopular(Coello Coello, 1999pplications of pealty functions have been
criticised for the arbitrariness of the weights of the functions to be applied. Moreovdriuas
et al. (2015) observe the application of a penalty function does not preclude the

representation of infeasible solutions in the search.

Inspired byCaoet al. (20110 & | LILBNRIlbcatisrcof résources/assets is madedzhsn
a Lookup variable that contains the coordinates of available oplis(see sectior.2.2.1for
more details) Such coordinates derive from thavailable raster dataset created in the

~

initialisation phaseL y | RRAGA2Y (2 GKS O2YLJMzil GA2Y I f
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dimensions reduction described in sectir2.2.], there arealsoadvantages in using a Lookup
tablefrom a constraints handling perspectigich aghe prevention of development outside

the boundaries and theonsequential avoidance of unfeasible solagsgCaparrosviidwood,

2015) Problems may occun terms of spatial or numerical constragwhen the evolutionary
operators are applied, and that is why additional constraint checks are implemented according

to the nature of the case study.

Due to the spatial nature of input data, some constraints are implicitly imported in the
initialisation ghase. These kirsbf constraintscanbe defined in anglatasetpre-processing or

200dzNJ Ay GKS AYAGAFtA&lIGA2Y LKF&aS Ay (GKS RSTA
study analysed in Chapt& | Y2y 3 2GKSNJ NBljdzAaAridaSas OStfa | NE
are within a distance of 500 metres from a major road. These kind of constraints are case
dependent, therefore; to guarantee the trasferability and scalability of the methodology

y2 LINBRSTAYSR FT2NNdz A2y A& LINBaSyd Ay GKS 7

user to implement any kind formulation that may better represent the Hldalproblem.

Resolution represents ather constraint of the framework; the architecture is flexible
accordingto the dimension of the cellgithin the raster datasetsBesidesa series of other
implicit constraintsare inevitable when using GIS data. They consisrrors, imprecisions

and inaccuracies that necessarily constrain any representation of the physical reality to be
modelled(Pascual, 2011)

An additional constraint of the datatsis the definition of travel timesOften, road network

datasets lack information regarding travel times or even allowed speeds on different edges of

the network. In this case, such information must be evaluated basing on hypotheses that
necessarily imgla certain degree of uncertainty.standardprocedure is to infer the allowed

speed from the road typology and then calculate the fflesv speed. From this informatign

G0N} oSt GAYSa OFly 0S S@lIfdad G6§SR Ay letdificSad Ol a
variable. This procedure has been adopted in the case studies analysed in the present work

(see ChapterSand®6). This constitutes an implicit constraint due to the nature of the datasets;

althoughit does not appear as an explicit constraint of the RAQ, it is important to be aware of

these kindg of limitations in protlem definitions. Howevertp maximise its transferabilitghe

optimisation framework is flexible to different kinds of input data and when compigted
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quality input data contain all the needed information, no extra consideration regarding

implicit constaints is needed.

The constraints module Constraints.py contains different functions that are designed to
ensurethat the mated, mutated and selected solutions meet the physical and numerical
boundaries of the case study. @eefunctionsare oftwo types and are applied inwo phases

of the evolution process. Rarding the twotypologies, the RAO framework has constraint
FdzyOAzya GKFEG mo OKSOl GKFG LRGSYGALFE &az2f
each other (e.g. allocated warehouses must be at least 10km apart in Cts&pter OF &4 S  a G
and that 2) check that the number of allocated resources meets the allowed boundeniese

two typologies of constraints are both applied at two stages of the optimisation process: 1)

the initialisation phase and 2) the evolutionary operators application phase.

Spatial plans legend:

Allowed range for assets allocation: [3—7] 0 Notallocated available cell
1 Allocated available cell

Example 1: crossover operator application

Xy X,
s =[ 0 0 1 1,1,0, 1, 1§ 0, 0] 5 assets allocated V  constraint met
$ =(1,1,1, 0, 0,0, 1, 0i{ 1, 0] 5 assets allocated V  constraint met
s =[ 0o, o0, 1,0, 0,0, 1, 0i{ 0, 0] 2 assets allocated X constraint not met
s =[1,1,1, 1,1,0, 1, 14 1, 0] 8 assets allocated X constraint not met

1, 1] 7 assets allocated V  constraint met

s =[ 1,0, 1,1,1,0, 1.,1{ 1, 1] 8 assets allocated X constraint not met

Figurel6 - Example of application of evolutionary operators that do not meet the constraint of the min/max allowed
number of assets allocation

Figurel6 shows an application of evolutionary operators that does not meet the constraint of
the allowed range of assets that can be allocatedsisvn all the initial solutiongi.e. $and

& for the crossover application and S for the mutation application) have a number of
allocations thatare within the allowed range (i.e.-3), this means that in the initialisation
phasethe constraint on the number of asset is met. Nevehl#ss, combiningpr mutating

acceptable solutions magot necessarily result ilacceptable ones. This is why after the
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application of the crossover and mutation operatarand before the selection procegghe
constraints functions of the Constraints.pyodule are applied a second timas previously
demonstrated withirthe initialisation process. Thidouble-checKallows only feasible spatial

plans to be part of the next generation of solutions.

Once all the spatial plansgithin the generation of solutins meet the constraints, they are
evaluated against the objective functions, and the bastforming ones are selected to form
the next generation of solutions antiérebyundergo the next iteration of the optimisation

process.

Although there is no formal restriction on the number of objectives that can be simultaneously
considered in the optimisation process, the RAO applications presented in Chaptedst

both consider a particular tradeff between two conflicting objectives that are typical of
spatial optimisation of resource allocation: the sitameous maximisation of infrastructure
accessibility and the minimisation of costs. This choice results in the definition of two objective
functionsused to evaluate the performance of each potential solutibna distance function

"Q and 2) a casfunction™Q

The distance function attributes a distance fitne€3 () to each spatial plan. This fitness is
minimised in the optimisation process. The fithess is a measure of the performance of the
spatial plans with regards to a partiaulfunction. Inboth the applications presented iis

study (UK and New Zealand case studiei¥tance is evaluated as travel time on the road
network and travel times among all possible origins and destinations are directly read from
the Distance Lookuvariable created by the Network Analysis module presented in section
4.2.2.1

Several metrics can be taken into consideration to measure the performanddfefent
solutions;the RAO framework is extremely flexible instihhegardto maximise transferability
and scalability:since the formulation of optimisation functions is extremely case study
dependent, Chapter5 and 6 present a wide range of different formulations of objective
functions to evaluate both distance and cost fitnessFor example, regarding the distance
function, among othersthe average travel timdetween origins and destinations can be
taken into accounta weighted averagdhe maximum travel timevalug the average of the

90" quantile of the travel timeor a Generalised Uniform Dose (see Chafidor more
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details) formulation can be adoptedRegarding the cost function formulation, tlkfferent
scenarios presenteih Chapter$ and6 present a broad range of different options, from limea

to noninear cost functions, from discrete to continuous formulations and from equations
GKFG G 1S Ayid2 |1002dzyGd fFyR @FfdzSa G2 (GKS

resources.

The choice of the metric has direct repercussions ondeice of Paretamptimal solutions:
samespatial plangnay or may notesult beingParetaoptimal according to different metrics.

Since the objective functions definitions are strictly cdspendent, more details on the
mathematical formulation adopted t& @I f dzr S aLJ GAFE LI I yaQ TFA

scenario presentation in Chaptessand 6.

From the software architecture perspective, the evaluation of distance and cost fitnesses is
handled by the Evaluate.py Python modulée main module, called RAO.py in the Python
FNIYSE2N]l = KFa I Fdzy Ol A&ghglesbdiidl BaR (i.€ 8 gotertiazl § S :
solution) as an input andaccording to which scenario is selected by the user, returns its
distance and cost fitness evaluated by calling the evaluation functions defined in Evaluate.py.
The Evaluate function retusn (dzLJX S 2F @I f dzS&a Bidh BNERY R Y
Gost FE @ ¢KA& LINRPOSRAZNBE A& NBLISEFEGSR F2NheSk OK

Generation of solutions.

4.2.2.5. Multi-ObjectivePareto-Optimal set maintenance

After the application of the constraint check and evaluation functiong€ 0Q™Qi 1) i(s@e "Q
section4.2.2.9, the selection operator is applied to badh™@"() i "ndQ ©i ‘Q do&reate
Nnwi Q¢ oBothé "QQi 1 iadd) Qi Q thave the same length; this length &s:

N wi Q& anust have a length of as well.Figure17 shows how to reduce the
numberg & of the combined set§ "Q Qi 1 iafd§ Qi Q &o& i (which is the
length ofy i Q¢ P i
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Non-dominated Crowding distance

sorting sorting
parents , parents o,
v [ ||
S b [ ]
N3 n parents
; N

offspring , : I:l Rejected

Ns

Figure17 - Non dominated sorting, adapted froBeb et al. (2002)
First, a nordominated sorting takeplace among "QQi 1) iaf@d) Qi Q ¢tleiresult is a
series of N nolominated sets. Once the first natominated set) is found, a new sorting
takes place among the remaining solutioand the second seti is saved. Such a
procedure does not stop until all S are allocated to a set N. The first N sets that can completely
be part of¢ "QQi N1 " Kored into it, so referring tBigurel7: N1 and N2 are saved in
€ "QQI nNi Q @and0O are discarded, but part ad will be saved, and the other part
NE2SOUSRd ¢KS&@ IINB a2NISR FFOO2NRAYy3 G2 | ONRg
which S 0 will be saved. The crowding distance determines the least represented parts of

the Pareto front basd upon the distance from the nearest solution in the objective space
(CaparrosMidwood, 2015)

4.2.2.6. Outputs

Once g = G (i.e. the maximum number of generations is reached), the genetic algorithm
returns the final MOPO set Ksee section4.2.2.9. At this point, the last phase of the
optimisation framework begins: the production of outputs. Outputs files are generated by the
Output module (se&igure8) which corresponds to the Outputs.py Python module in the RAO

software application.

The outputs moduleconstitutes another significant improvement with respect to ymis
optimisation frameworks due to its wide range of different output data types. This
improvement broadens the horizon of possible visualisatemhniques that can be adopted

to present resultslueto the wider choice of output formats. Moreovedyefore saving the files
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in the results folderthe Outputs moduldormatsthe information generated by the Genetic

Algorithm in a suitable and intelligible way.

The first kind of generated output consiststire Pareteoptimal sets generated by the GA,
these are the actual solutions of the mudibjective optimisation framework and they are

saved in a text file stored in the outputs folder. They are formatted as shoWwigurel8.

Solution ID Spatial plan faist fost
[46745 ,[0,0,1,..,0,1,0,01],[ 5574 , 27766720 ] ]

» [32788,[0,0,0,..,0,0,1,0],[ 5588 ,2754827.01] ]

@

o

e

v . .

& [46743 ,[1,0,0,..,0,1,0,0],[ 5623 , 24763340 ] ]
[10055,[0,1,1,..,0,0,0,1],[ 5531 ,2788377.01] 1]
[46745 ,[0,0,1,..,0,1,0,01],[00000, 0401 ]]

2w [32788 ,[0,0,0,..,0,0,1,01],[00082, 0045 ]]

L2 » .

R

Eo

c © : .

zZ e [ 46743 ,[21,0,0,..,0,1,0,01],[00120, 0.005 1]
[10055,[0,1,1,..,0,0,0,11]1,[03502, 0000 ]]

Figurel8- Format of Pareto set3.he Pareto sets are saved as text files in the output folder and also plotted in a a graph
representing the optimisation objectives on each axis.

TheParetosets are then plotted om graph representing the solution space, defined by the

two optimisation objectives: solutions are plotted according to theirdnd tostvalues The

plots are saved in JPEG format and are generated using the open source Python library
Matplotlib (Hunter, 2007). 2 6 K G(KS GSEG FAfSa | yR (GKS LI 3
oaz2ftdziS @FtdzSa yR GKSANI y2NXIfAASR @I f dz
Outputs.py module normlises the pareto sets with respect the minimum and maximum values

of their distance and cost fithesses (respectivielyand tost).

The second typology of output produced by the RAO framework consists in raster files
representing Paretooptimal spatial plans in TIFF format.KS &2 NI A Sywl a i SN
defined in the Outputs.py module makes use of the Python library ras{@#@n Gillies and

others, 2013Yo combine the spatial plans contained in the Pareto sets with their respective
coordinates stored in the Lookup variable to produce a GeoTIFF filedhabe imported in

any GIS environmerfseeFigurel9).
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Solution ID Spatial plan f et feost

[ 46745 ,[0,0,1,..,0,1,0,01], [ 557.4 , 2776672.0 ] ]
. [32788,[0,0,0,..,0,0,1,0],[ 5588 ,275482701] &
0 ~
o ' )
o 3
= . . 9
S ]
[46743 ,[1,0,0,..,0,1,0,01], [ 562.3 , 2476334.0 ] |
[10055, [0 (1), 1,..,0,0,0 /1), [ 553.1 , 2788377.0 ] |
y N
[9)]
. 3
? =)
8 S
X =
z o 3
L Q
g ~
3

Figurel9- Creation of raster output from the Paretptimal spatial plangontainedin the Pareto sets (i.e. Paretptimal
solutions produced by the Genetic Algorithm). Raster outputs are saved in the GeoTIFF format and can be imported in any
GIS environment.

In addition to raster files, also vector files are created to allow the uséate a wide choice

of formats for visualisatiopuposes The procedure is the sanas those demonstrated by the
creation ofraster data: the spatial plans contained in the Pareto sets are turned into shapefiles
(.shp format) through the application of$h da DSY SN} G Spaz2f pyaKF LISTAE S¢
Outputs.py Python module. This function makes use of the Python library GeoRaaoctih!

et al, 2020)

Finally, the last typology of output files produced by the RAO framework is cesapaated
values (CSV) files containing information regarding the Pdretds and the Pareteptimal
solutions. Paretdronts csv files have three columns: the first one indicates the solution
number, the second one the distance fithess and the third one the cost fitness; they are
created for both normalised and nemormalised Paretdronts. Thespatal plans csv filealso

have three columns, but contain information regarding: 1) the solution ID, 2) the X coordinate

and £) the Y coordinate (for spatial representation in a GIS environment).
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The RAO framework produces all the outputs described in theipus paragraphs for each
generation (i.e. iteration) of the Genetic Algorithm, storing them in a subfolder called
G DSy S NI (sallBwstaciuder té ikspect the evolution of the Parefimnts for calibration
purposes. To save memory, the user has thoice to only save the output files of the last

iteration of the spatial optimisation iterative process.

4.3.Development environment

The chosen programming environmenPigthon(Python Software Foundation, 201@)ython

is a highlevel open-source programming language with a wide range of mathematical and
optimisation modulegFortinet al, 2012) Python $ widely accessibld,easilyinterfaces with
ArcGIS(ESRI, 2011and it allows the use of the Geospatial Data Abstraction Library
(GDAL/OGR contributors, 2018)ython is the programming reference language wide part

of the literature regarding optimisation applicatio(Brokeret al., 2005; Hebraret al., 2010;

Matott et al, 2011; Beharet al, 2014)andspatial allocatioroptimisationsd [ A I Y | Y ¥ 11 %A S f
et al, 2005; LigmanZielinskaet al., 2006; Ligman#2A St Ay a{l FyR WIy(126a
Zielinskeet al., 2008; Caparredidwood et al., 2016)

RStudiqRStudio Team, 201E) anotheropen-source programming language that could have
been choserthanks toits ability to perform genetic algorithm optimisatidiscrucca, 2013)
and its GDAL adaptation modulgdal (Bivandet al,, 2019) Nevertheless, it is not broadly
adopted in spatial optimisation literature and it is mainly used for visualisation purposes
(CaparrosMidwood, 2015)

MATLABThe MathWorks Inc., 201@nd AMPL(Foureret al, 2003)are both commercial
software packages that could have been suitable choices as well. MATLAB (abbreviation for
Matrix Laboratoy) is a numerical computing environment in whitlis possible to develop
several optimisation application(&igmund, 2001; Lofberg, 2004he main criticismen the
software are the noruserfriendly environment(Siauw and Bayen, 2014hd its inflexible
language(Brokeret al, 2005) AMPL (A Mathematical Programming Language) is another
good alternative to perform complex mathematical processes; it is suitable for the
development of optimisation applicationf~ourer et al., 2003) but, concerning spatial

optimisation, its use is limited in the literatu(€aparrosMidwood, 2015)
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4.4.Genetic Algorithm

Concerning the choice of the GA, PyevdRerone, 2009and PygenéMcNab, 2011are two

popular Python modules that can handle evolutionary operatdes/erthelessPyevolve lacks

the necessaryGAs necessaty perform muli-objective Pareto optimisatiorPygene has the

operators, but its use in mulbbjective optimisation is not well documente@aparros

Midwood, 2015) Therefore, in this workthe very well documented DEAP (Distributed

Evolutionary Algorithms in Pythomyodule is usedFortin et al., 2012) Table2 shows the

DEAP modules used in the framework to handle the nuldjective Pareteoptimisationin the

* _ strategy(Fortinet al.,, 2012)

Table2 - Table of &olutionary operators used in the RAO framework

Operator

Module

Selection | tools.séNSGA2

Crossover | tools.cxTwoPoint

Mutation tools.mutUniformInt

Referring to DEAP DocumentatigEAP Project, 2009jhe eaMuPlusLambddunction

evolves a population of spatial plaasd returns the optimised population together with a

Logbook containing the statistics of the evolution process.

The main parameters of theaMuPlusLambdéunction are the following:

1
1

T
1
1
T
T

population list of individuals (spatial plans).

toolboxy dza SR GUISANE & N\ INSHD

operators and their decorator functions.

mu: number of individua selected to create the following generation.

RSTAY

lambda number of children to create at each generation.

cxph crossover probabilt
mutpb: mutation probability.

ngen total number of generations.

S 4

V)

AYRAQGARdZ f &z

The evolution is performed by the application of the three evolutionary operators: selection

(tools.seINSGAZ2), crossover (tools.cxTwoPoint) and mutation (tools.mutUniformint). Their

role is, respectively: evaluating and selecting the best performing salutio create the
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F2tt26Ay3a IASYSNIGA2YZT YIFGAY3I (62 aLI NByilas
and, finally, randomly mutating gatial attribute of a solution (for more details see section
4.2.2.3.

The choice of the values for thembdaand ngenparameters is the resultfahe calibration
of the model, which consists iperforming different runs varying those parameters and
understanding a properanbination that can guarantee an acceptable quality of results and

feasible running times.

¢tKS D! A& NUzy o0& GKS YIAYy tedKz2y Y2RdzZ S w! h
This function first registers the population of solutions to considerese@tion 0 created in

the initialisation phase (see sectid22.10 ® ¢ KSy > A NéayMiPlud&rbdaQa ¥
YR FAyFLfte NBGdZNYya& BKS G B Nhab 2 fEdstére #idiest o | C

performing solutions in the evolution procggbat contains the Paretfronts.

AsdemonstratedA Y G KS LINB @A 2 dza LI &dpetiblicdniiider inivihish ta ( 2 2
store a series of functions useful to tegolutionary process, such as initialisers, evolutionary
operators and decorator functions. Decorator functions are key elements of the evolutionary
process as they constitute the means through which the constraints functions defined in the

Constraints.pynodule (see sectiod.2.2.9 can be applied to the evolutionary operators.

4.5.Summary

Chapterd introduced the methodology of theesearch conducted within this the3ise details
concerning theRAOframework are presented after an initial section presenting the problem
formulation anddescribesthe needs and driversf this work. Basing on the information
presented in chapteB concerning the several possible optimisation techniques, chapter
focuses on the justification of the choicetbé genetic algorithm for producing Paretptimal

solutionsfor the allocation problem.

The RAO framework presented in this chapter constitutasiigue collection of different
components and teahiques combining established methods and innavat Al procedures
incorporatd in a novel software frameworklt makes use of a GA in combination with a

machine learning process -(Keans clustering algahm) and georeferenced data
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management modules for input and output dat@he development environment and the
software implementatiorhave beerpresentedto descrite the different phases and modules
constituting the RAO framework, together with the inpuatd and the output results. The

application to realife case studies of this methodology is presented in the following chapters
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5. Humber Estuary (Ukkase study

5.1.IntroductionChapter5

Chapter5 presents the Humber Estuary case stuégr this case studyhe RAOframewak is
applied to an emergency planning optimisation problem. Aftemdroduction to the context

in which this study is applied (sectiér?), the gahered and produced datasets necessary to
perform the study are presented (sectiérB). Sectiorb.4covers the detailsfthe application

of the optimisation framework to this case study: from the problem formulation to the
description of the different phaseof the framework and from the defindns of the objective
functions to the application of constraintBinally, sectioa5.5and5.6 present the results of

the case study togettrewith their discussion

Table3 presents asummary of the key information regarding the nature of the case study.

Table3 - UK case study problem definition summary table.

Case study Humber Estuary (UK)

Hazard Flooding

- Minimisation of travel times betweetemporary flood defences storing
Objectives facilities and deployment sites;

- Minimisation of costs (i.e. number and size of efayuses).

- Scenario 1Uniform rentprice, discrete cost function

- Scenario 2Uniform rent price, discrete cost functiomith road network
disruption

- Scenario 3Uniform rent price, linear continuous cost function

- Scenario 4Variable rentprice (R/U) linear cost functiorwith fixed
number of lorries

- Scenario 5Variable rent price (R/S/Ulinear cost functiomvith fixed
number of lorries

- Scenario 6Variable rent price (R/S/Uhortlinear cost functiorwith
variable number of lorries (1)

- Scenario 7Variable rent price (R/S/Uhonlinear cost functiorwith
variable number of lorries (2)

- Scenario 8Variable rent price (R/S/Uhoninear cost functiorwith
variable number of lorries (3)

- Scenario 9Variable rent price (R/S/U), ndimear cost function with
variable number of lorries (0.5)

- Scenario 10variable rent price (R/S/U), ndimear cost function with
variable number of lorries (15lpriority (top 3)

- Scenario 11Variable rent price (R/S/U), ndimear cost function with
variable number of lorries (1glpriority (top 5)

- Scenario 12Variable rent price (R/S/U), ndimear cost function with
variable number of lorries (1glpriority (top 10)

Scenarios
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- Scenario 13Variable rent price (R/S/U), ndimear cost function with
variable number of lorries (1glpriority (top 10¢ excluding police and firg
stations)

- Minimum and maximum number of allowed warehouses

. ) - Minimum distance between allocated warehouses
Main constraints o .
- Proximity of warehouseotmajorroad

- Maximum flood height: 1.5m

5.2.Introduction to case study

Due to the extreme flood events occurred in recent years the UK (Somerset, Cumbria,
Yorkshire etc.), the UK government decided to take actitm improve the resilience to
flooding andultimately increase the protection from disastrous events. Through\tagonal

Flood Resilience Revig@abinet Office and DEFRA, 201 governmentcommitted £2.3

billion to be invested in a-@ear time frame to improve flood protection throughout the
country. Part of this funding, namely £12.5 million, is explicitly allocated for temporary flood
RSTSyO0Sa 6A0GK GKS FAY (G2 AYLINRGS (GKS 9y OBANRYY
Since the state of the art does not offer any efficient approach specifically designed for optimal
investmens in this kind of resource¢lL.opaneet al., 2019) this research presents a spatial
optimisation framework; the RAO framework presented in Chapdleg originally applied for

the allocation of temporary flood defences storing space, with the final goal to optimise the

entire emergency response process.

The framework is designed to develop spatial plans that provide Pagimal locations for
warehousedo storetemporary flood defeoes (refer to Chapte2.3.2.2for more detailson

temporary resources).

Strategic infrastructur@etworksare a priorityin terms of protection duringlood events, as
their functioning guarantees the effective execution of emergency response operalfibiss.
is why in this case studystrategic infrastructure assets are the main reference in the

maximisation othe accessibility of emergency resources

The multiobjective spatial optimisation framework balances the traufé between two
conflicting objectives. The first oneonsists isthe minimisation of travel times from

warehousedo strategic infastructure assets (i.e. minimisation todnsportand deployment
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time of temporaryflood defence¥ The second objective is the simultaneous minimisation of

costs.

The Humber Estuary is a tidal estuary situated on the East coast of England, facing the North
Sea; it sets the boundary between Yorkshire (Ndsink) and Lincolnshire (South bank)

(Figure20). It has been chosen as a case stadyaessentially for two reasong) accessibility

of data and 2)its nature of floodprone area (e.g. 2007 and 2013 flood€poulthard and
Frostick, 2010; Hull City Council, 2015; Environment Agency,.2016)

¥
&

Kingston upon Hull

Goole

Gr.'ea't Humber @‘"l'o
Britain ‘ Estuary Thorne 99_

Scunthorpe

Grimshy
Hatfield

Figure20 ¢ Great Britainand Humber Estuary map

5.3.Data

The source of the data used to model the case study area is the Ordnance Survey Collection
avaiable on the EDINA Digimap website (digimap.edina.ac.uk). Georeferenced data
representing geographical features of the studae@aare collectedn the form of raster and

vector dataset@and preprocessed in a GIS environmdRiSRI, 2011)

They consist of physical constraints (like surface water and green areas) or critical
infrastructure networks, likehe road network (on which the network analysis to calculate
travel times is based) and other strategic assets selected as priority targets to be protected
during flood events (electricity production and distribution, gas distribution and storage,

telecomnunications, hospitals, fire stations and police stagpn
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Theidentification of priority strategic infrastructure assets is based on the fact that they are
either functional to emergency response operations during disastrous events or particularly
suscepible/dangerous in case of disruption (e.g. because of cascading effects with

repercussions on other infrastructure).

This selection of higpriority strategic infrastructure assets can easily be modified in the input
phase of the optimisation framework the user is interested in considering additional or
different typesof infrastructure networks the scenarios presented in secti@nb present
different options in he selection of different strategic infrastructure assets of which to

prioritise protection

C\
R
(0p))

Strategic infrastructure assets areonsidered asa RSa Ayl GA2yaé¢ Ay
optimisation process, whilall the available locations for potential waretgrsare assumed

as a 2 N\ afAtgeajdurneys to transport and deploy temporary flood defencé@$e

SaliAyliAz2yaQ f201GA2ya | NBplagelinkStructurd adkkty S i S NA
GKAES GKS 2NAIAyaAaQ 20l G mewokk henddtBe nécessity A | 0 f S 2
RSTAYAGAZ2Y 2 their@lloc@iion(forimord dethiis, See seEtREMI5).

Table4 - Input data for the Humber Estuary case study

Input data Format Source
Road network edges Line shapefile OS OpenData
Road network nodes Point shapefile OS OpenData
Green areas Polygon shapefile | OS OpenData
Surface water Polygon shapefile | OSOpenData
Power grid substations | Point shapefile ITRC MISTRAL
Electricity production Point shapefile OS Digimap
Fire stations Point shapefile OS Digimap
Gas distribution/storage | Point shapefile OS Digimap
Hospitals Point shapefile OS Digimap
Policestations Point shapefile OS DigiMap
Flood zones Polygon shapefile | Environment Agency
Historic floods Polygon shapefile | DEFRA
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5.4.RAGramework applied to Humber Estuary case study

The RAdramework described irChapter 4 is applied to the Humber Estuary case study
introduced in chapteb.2to produce Parat-optimal spatial plans of warehouses for storing
emergency responseesources.The following sections provide details regarding input
parameters, variables, definitions and the different phases of the RAO framework applied to

the Humber Estuary cae study.

5.4.1. Input phase

Refering to thedifferent phases of th@ptimisationframeworkdescribed irFigure9, the RAO
framework initially takes a series of datasets as input grdduces an availability raster
indicating available locations for warehouses (see chafier.5 for the definition of

Gl @F At I).OhtBebaSO AT &I KA A AYTF2NNI GA 2y I cdntiing @ NA |
the coordinates of all available locations. Saving the coordinates in a lookup list rather than
keeping a raster format is standardprocedure meant to reduce run timgefer to section
4.2.2.1for more details on Lookup creation and data storing methodology of the RAO software

framework)

5.4.2. Problem formulation

In the problem formulatiorphase, theuser can set lower and upper bounds to the number of
warehouses that can be takentinconsideration in the solutions. For examplbis study
assumed range between 2 and 10 warehousas br lower numbers and limited ranges (low
variability), the RA®@an produce Pareteoptimal solutions, but the potential of the approach

is simply not exploited=or narrow ranges (e.g. exploring solutions with 3, 4 and 5 warehouses
as well as considering solutions with 20, 21 or 22 warehouses) other approaches (etg. exa
methods) can be more efficient. The choice of a heuristic approach (thus the GA) is justified
when considering a high variability of the number of warehouses taken into consideration:
the higher this number, the higher the efficiency of this method. (ogver run times) with

respect to exact optimisation methodologies.
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The comparison between the heuristic approach hadeptedand exact methods$o solve
multi-objective optimisation problemi framed in theébroader topic of the balancing of the
trade-off between the quality of results (i.e. how close to the mathematical optimum the
solutions are) andeasibility (i.e. run times). This is the reason why the choice of the range of
minimum and maximum number of warehouses to be considered in the solut®ns i

fundamental to justify the appropriateness of the adopted optimisation methodology.

5.4.3. Initialisation

The initialisation module is used at the beginning of the iterative process to generate the first
generation of solutions. To speed up the evolutiprocess the initial population is ot
entirely randomly generatedhe algorithm is seeded with some spatial plans resulting from
a kmeans clustering process aimed@bviding potentially good locations for warehouses
(refer to sectiord.2.2.1for a methodological definition of all the stages of the initialisation

phase of the RAO framework)

K-means clustering (Ostrovskyet al, 2013)is a machine learning technique aimed at
partitioning aseries of data into Qclusters.The SciKdearn(Pedregosat al., 2011; Buitinck
et al, 2013)open source Python modulalows performing a #eans clustering of all the
available locations and finding the centroids of these clustEn@numbers of clusters taken
into consideratioris equal tahe number of warehousesf each solution; this parameter does
not have a fixed value as it constantly changes within the allowadge of
minimum/maximum number of warehouses defined by the usBre coordinates of the
Of dzaderfroids @rethe main ouputs of th Kmeans module and arsavedand stored in

the results folder.

Subsequentlya network analysis is penfimed to calculate travel timeBom each available
location and the closest clusteentroid (Figure21). The analysis is perfoned evaluating
shortest paths where distances are measured as travel tifftesn, the available locations are

ranked according to their proximity to the centroid of their cluster.

When the initial population of solutions is created, available cells close to their cluster centroid
will be selected with a certain probabilitgdd€finable and modifiable bthe userc set at 80%

in the following use casgswhile the other locations are randomly selected from the Lookup
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variable(see sectiord.2.2.1for more details on the software implementation of thenkeans
module and how its outputs are used in the generation of the initial population of spatial

plans)

Figure21presents a visual example of the functioning of thm&ans clusteringfigures a) to
e) show different ways to cluster strategic infrastructure assets according to the increasing

number of clusters considered (respectively from 1}o 5
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Figure21 - K-means clustering of strategic infrastructure assets. Assignmoeribsest cluster centroid is performed
according to proximity evaluated as travel time on the road netwiidures a) to e) show different ways to cluster
strategic infrastructure assets according to the increasing numbdusitiecs considered (respectiyélom 1 to 5).
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5.4.4. Evaluation

After thecreation of the initial population, individuals (spatial plans)araluatedagainst the
objective functions, then the evolutionary operators are applied and the following generation
is created. The procedure is repeated again in the iterative process: at every stage, the
individuals of each generation are evaluated assigned fithess values for each objective

function.
Distance functiomefinition

As presented in the methodology chapter (secttb®.2.9, the objective functionare two: 1)

a distance functiofQ and 2) a cost functioriQ . The distance function attributes a
distance fitnesg('Q ) to each spatial plan. This fithess is minimised in the optimisation
process. The fitness is a measure of the performance of the spatiad witinregards to a
particular function.In this study, distance is evaluated as travel time on the road network.
Several metrics can be taken intaconsideration to measur¢he performanceof different
solutions for example the average travel time from warehouses to strategic infrastructure
assets, or the maximum travel time, or the average of thé §0antile of tre travel times.
The choice of the metric hafirect repercussions o the choice of Paretoptimal solutions:

same solutions may or may not be Par@jatimal according to different metrics.

Two different distance function formulations are implemented in thd h  F NI YS g 2 N
Humber Estuary applicationone is designed to maximise accessibility considering

g NBEK2dzaSaQ aSNIWAOS |anNdihe othedisaliekicStaky intd aEcoldt NI Y
0KS OSKAOf SaQ FtSSG RAYSYaA 2porangflocH Befedzs. 2y
The choice to maintain two options in the mathematical formulation of accessibility is aimed

at maximising the flexibility, transferability and scalability of the methodology: according to

the available input data (i.e. knowledgé details regarding available fleet) the user can
choose among different optimisation functions the one that is most suitable for the specific

scenario to evaluate.

Thefisrt definition of distance functiortonsists ina weighted average of travel timesofn

storing locations to strategic infrastructure assets that follows the rule:
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0 vy (5.

Where

1 0 = total number of strategic infrastructure assets,
1 “Y"¥ Travel time$rom each strategic infrastructure asset to the closest warehpuse

1 £€=2.

With this formulation, everyourneytime (from warehoussto strategic infrastructureasset)

is weighted directly proportionally to its own value: i.e. thigher the travel timethe greater
the weight. The reason farhoosing this formulatioms to penalise spatial plans with higher
travel times without losing information about lower oné<e. to avoid bottleneck problems

when considering wide ranges of possible travel times)

Equation(5.1) represenst the formulation of the generalised Equivalent Uniform Dose (gEUD)
(Niemierko, 1997)which is used in medical scientmemeasure optimatadiation dosage to
treat tumours ascancer treatment is a spatial problem as welbnogengi.e. tumour cells)
must be killedby irradiating the area with a specific amount of radiation (doSkg Equivalent
Uniform Dose is the amau of uniformly distributed dose that keeps alive the saawerage
numberof clonogens tharan equivalent norhomogeneous distributionTherefore, the EUD

is a parameter meant to easily compare different treatment plans when irradiations are not

homogeneos (Henriquez and Castrillon, 2011)

Ly GKS &l YS Tl &KA 2y provides a fttessThiedsie tHaRidNddart | (A 2 v
comparingdifferent nonhomogeneous spatial plarie the ones inspected by the RAD.
helpsto avoid problems especially with outliers and bottleneck effedhet parameter of
equation (5.1) has a value of 2 since the analysed spatimblems of this work are two
dimensional Even thougtthe distance function measures a medonensional quantity (i.e.
travel time), the nature othe problem is bdimensional because what this fitheastually

wants to measure is the efficiency of the area of influence of each warehouse.

The alternative distance function formulation takes into accotimt number of lorries
necessary to transport eergency resources to deployment sites ahé necessary number

of trips. The formulation is:
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(5.2)

Where:
1 "Q =total amount of time necessary to deploy all the strategic resoyrces
1 “Y'®number of Sritical Infrastructure assets,
1 “Y"¥averageTravel Time fronth warehouse taSlsites (in minutes)
)l

¢ = Existing Fleet (i.e. number of available lorries)

Costfunctiondefinition

The cost function attributes a cost fitne@8 ) to each spatial plarSimilarly tothe distance
function,the costfitness is minimised in the optimisation proceasd similarly to the distance
function, several formulgons of the cost function are implemented in the RAO framework to
allow the user to choose the most appropriate to their goal and to their available information.
The dfferent scenarios presented in sectibrb present several combinations of different
distance and cost functions to demonstrate tHeexibility and transferability of the
methodology not only in terms of spatial domain, but also in terms of diversigwailable
RFOGFX | LINA2NR (y26ftSR3IST lFaadzyLJiazya FyR

The cost functions presented below have different characteristics in terms of function
continuity (i.e. discrete functions vs continuous functions), linearity (lineaoudinear) and
in terms of external factors taken into account (e.g. land value, urban vs rural locations,

decreasing market unitary process etc.).

Thefirst distinction amongcost function formulations is between discrete and continuous
functions. Thediscrete formulationfirst calculates the total amount of flood defences that
must be stored in each warehouse according to the served gstedn, basing on this
information, it attributes a size to the warehouse. Finaltile cost of each warehouseas
calculatedbasingon the annual average cost per square metre for warehouses in the studied
area. The final value 62 is the sum of the costs of all the warehouses considereshoh

spatial plan.

Considering typical commercial temporary demounéattood barriers and considering flood

heights up to 1.5 metres, 100m of barriers can be stored in a standard 20 ft shqupitagner
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(dimensions: 6m x 2.44m x 2.6myJaximum flood heights are considered because currently
temporary flood barriergannotcope with water depths greatehan 2 m and only a fevhave

been tested above in (Cabinet Office and DEFRA, 2016)

The perimeter of strategic infrastructure assets of the case study area has been evaluated and

an average perimeter has beeonsidered for each typology of infrastructufeable5).

Table5 - Average perimeter of strategic infrastructure assets inHluenber Estuary region.

Strategic infrastructure

Perimeter [m]

Power gridsubstations 400
Electricity production 2400
Fire statiors 200

Gas distribution/storage 1200
Hospitas 900

Police statios 200

According to the amount of emergency respomssources needed by the assets served by a
particular warehouse, the cost function asssgndimension to it. Five differertypologies for
warehouses are considered in this stualycording to their sizemore details can be found in
Table6.

Table6 - Sizes of warehousesrfihe Humber Estuary case study.

Warehouse typology . Nymber of.20 f Length of flood
Warehouse . shipping containers that ; :
. . (according to . ; barriers that is
dimension | ] . . is possible to storgon 2 )
dimension) possible to store
levels)
70 A 4 0.4 km
320 B 40 4 km
640 C 80 8 km
960 D 120 12 km
1280 E 160 16 km

A market analysis has been performed iadustrial rents in the region of Yorkshire for the
year 2017(seeFigure22). According to its resultghe first (and simplest) assumption is to
considerthe average cost 0£55.00 per m? per annumas a strong correlation between rent

prices and rural/urban areas does not appear evident
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Figure22 - Industrial rent prices pesquaremetre in Yorkshire (2017). Green dots represent warehouses for rent out:
urban areas, while grey dots represent warehouses within town borders.

However, the RAO framework allows the user tho choose among different options in terms of
linearity of war&k 2 dza S & Q Wde/fthk firstibeRn@ridsipresented in sect®Bmake use
of the average rent pricealso more advancedformulationsare presentedn the following

scenarios with increasing level of complexity in their forrtiata

When considering a nelinear function representing warehouses rent prices, a logarithmic
regression provides the best fitting néimear interpolation of the market research presented
in Figure22. Among the different availablehoices, the logarithmic regression presents the
highest R value copared to the other regressid@chniques;Figure23 and Table7 present
further details regarding the logarithmic regression and the comparison with different

regression options.
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Figure23- Relationship between warehouses' dimension and annual rent price with logarithmic regression.

Table7 - Regression options for annual rent prices and warehouses' dimensions.

Trendline Equation R value
Logarithmic ® PR & pPR W 0.3656
Polinomial O mMinnix ™WTIWw e g 0.3566
Power ® pXP G 8 0.3393
Linear W TEIpULIDd QUL 0.2686
Exponential ®w omoeme ° 0.2671

For both discrete and continuous, and linear and {tiaear formulations, the cost function
includes capital and operational costs for both warehou$&$and emergency resourcéR)

(Hendrickson, 1989; Ramos, 2017; Mishra, 20@) most general formulation:is
Q ®» Y (5.3)

W and R can be further divided into capital (capex) and operational (opex) toges to the

following formulation
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0@ & 'Y 'Y (5.4)

In the RAO application to the Humber Estuary case studighwuse§and resourceQapital
and operational costdake into account a number of different parameters, and their

formulation can balefined as:

’
v

o VMR 60 W 66O QE ¢
@ N (5.5)
o dTQ T MR EéEaTQE VI 6 a D0
r
@ & (5.6)
Y f i (5.7)
Y (0 o 3 SR T . (5.8)

To get to the final equatias respectively for linear and nedimear forumulations

0

- V) 4 A@ ME 3 A3 a &0t Q&
I’ J) n @ n (5.9)
e o
o dte 1 ) & Rd CME 3 N3 & EéiaB
U
Where:

1 "Q =totalcost of warehouses and emergency resources,

1 = total number of warehouses,

=

"(xfloor spaceof the ith warehouse (it ) ¢ floor space can take into account

multi-storey even if this is unlikely.,

1 1n =annual rental price per square mewéi-th warehouseg either average or
function of the area (urban/rural),

T | R = parameters of logatitmic equation (regression from Yorkshire rent priges

seeFigure23),

]

hp = hourly pay for personnel,
T & =numberof workerF 2 NJ &0 NI 6§ SIAO0 NB&2dzNDSEaQ RSLIX 2

1 € = number of working hours for deployment and rembehtemporary defences,
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1 1 =rent price of a lorry,

1 € =number of additional lorries to existing fleet,

1 & =warehouses maintenance costs,

1 & =emergency resources maintenance costs,

1 1 = unitary price of demountable barriers (£/m),

1 & =total length of additional demountable barriers needed.

Gost functiong capital cost of warehouses

Given the numerous factors that compose the cost function formulation, several assumptions

have been made the application of the RAO framework to the Humber Estuary case study.

¢CKS FTANRG FaadzvLJiAzy NB3IFNRa GKS OK2A0S 2F O:
the capital cost of warehouses: doingédk Yy a i SI R 2F 02y aARSKsy 3 0 dzA €
to take into account multstorey warehouseseven if this is not a likely scenario as building in

vertical is always more costly than building esterey warehouses, especially in non densely

populated areas. However, choosing floor space as referemeasures guarantees a high

transferability of the methodology even to highly urbanised case studies.

As anticipated, the parameteil NS LINS &4 Sy (i & amhhaN®nkaRplice per Qquare
metre, and its value is chosen by the user among different options. The scenarios of section

5.5present several examples of different choices, which, however, can be atisau as:

1. Considering the average value of rent prices in the area;
2. Distinguish between urban and rural areas, considering urban locations as more
expensive;

3. Subdivide the case study area in thidiferent categories: urban, suburban and rural.

Consequetly ) assumes different values according to which scenario the user considers:

‘ n average rent price
n o n 3 n3J urban + rural (5.10)
n 39 n 3 n I uban+suburban + rural

Where:

1 1 =annual rental price per square mewéi-th warehouse (see equatiof®.9))

1 n = average rent price of the case study
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1 = multiplier for urban areas;
1 ' = multiplier for rural areas;

T © = multiplier for suburban areas.

Reagrding the assumptions made for the Humber Estuary applicdtieryalue offy has

been calculated from the industrial rent prices per square metre in Yorkshire in 2017 (see
Figure22) as £55.00 per square metre per annum. Instead, due to lack of data, the multipliers
[,/ andl have been assumed respectively as 2.0, 1.0 and 1.5; implying that urban locations

cost twice as much as rurahes, with suburban values in the middle.

Gost functiong urban, suburban and rural areas

The definition of urban, suburban and rural areas required some research and ultimately some
assumptions as well, as there is no consistent agreement among sclolacsrning the
RSTAYAGAZ2Y 27F ¢KI G FarinstanceDlActi (2E19pieseirs acdée siudyA & Y
on real estate values depending on several factors like the quality of urban area, the distance
from city centre, and housing vauor the area of Turin (ltaly) and shows an incredibly high
number of different examples form the literature (more thane hundred}hat try to relate

land value to positional factors like distance from CBDs, green areas, social contexts etc.

An option br the categorisation of urban, suburban and ruual areas tie Coordination of
Information on the Environment Land Coy€orine Land CoveCLCjHeymanret al., 1994)

CLC is @omputerisedland coverinventory of EU countries, however, in most cases the
dataset is outdated andata are only available for European countriesasmore generally
applicable definition has been applied to maximise the transferability of the presented

methodology.

The UK government introduced the Rutiban Definition(The Countryside Agen&t al.,

2004)in 2004, determining that settlements with population of 10,000 are defined as urban

and the rest of the land is defined as rural. Regarding boundaries, referenceléstafaffice

F2NJ bl GA 2yl f dafa8et haded updn@aduseévieral futalirban data sets are

I @ AfFroftS 2y hb{Qa ¢6So0aArAidsS F2N 9y 3f |lKeR | yF
Output Areas (OAs),ower layerSuper Output Aeas (LSOAsnd Middle layerSuper @tput

Areas (MSOAs
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Dijkstra and Poelman (2014)y § N2 RdzOS (G KS &G&RFGANBSOPF wdzND | DA & B &
which identifies three categories: 1) densely populated areas (>50% living hudmgity

clusters), 2) intermediate (<50% of population living in rural grid cells and <50% living-in high

density clusters) and 3) thinly pofatied areas (>50% living in rural grid cells). Whij&stra

et al. (2020)present theadvantages of thét 5 SINB S 2 F (EukbpelanyTComissiorh 2 y €

et al, 2020) (also endorsed by the UN Statistical Commission), which identifies three
categories of settlements:1) Cities (with population >50,000 and densities >1500
inhabitants/kn¥); 2) Towns (with population >5,000 and densities >300 ahbithnts/kn?)

and 3) Rural areas.

To maximise the transferability of the methodolodgyiropean Commissioet al. (202002 a
G58SaANBS 2F ! NBFIyAT FGA2yé Aa GKS RSTFAYyAGAZY |
specifically desiged to facilitate intemtional comparisonsAvailable cells for warehouses
Fff20FGA2y 2F (GKS 1 dzyYoSNJ 9aidza N2 FNBI KIF @S o6
GNHzNJ € ¢ FNBFa FFOO2NRAy3 (2 GUKS LRLWzZ FGA2Yy RSy
Output Areas (MSOA&eeFigure24).
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Figure24 - Rural, suburban and urban areas in the Humber Estuary according to the Degree of urbanization defi

Gost functiong opeartional cost of warehouses

Regardingh 1 2 NAy 3 &LJ O0SaQ 2LISNI A2yl f O2aiasx oI NBK
proportional to the floor spaceThe & parameter of equation5.9) constitutes an input

parameter and the user can choose its value. To enrich the spcrtum of analysis of the Humber

108



Estuary case study, the scenarios presented in sed&ibrexpbre different values ofi

respectively 0.0 ana® OADPSD HmE: 2F 61 NBK2dzAaSaQ OI LA

different because, for industrial rentsRSLISY RAy 3 2y RAFFSNBYy (i C(
sometimes the maintenance costs are ud#d in the lease and sometimes they have to be

paid on top of it as NNN$INNis an acronynfor & bt, Net, b SG ¢ FyR GKS&S ¥

property taxes, property insurance and CAM (Common Area Maintenance).

Gost functiong personnel costs

Environment Agerie Tamporary and Demountable Flo&dotection GuidéOgunyoyeet al,,
2011)provides useful information concerning the assumptions on personnel costs adopted in
the Humber EstuariRAO framework applicatiohis report highlights hodrquently flood
emergencies occur at nightime and outside working hours; this has repercussions on the
safety of personnekince they areften called to address the emergency after a whole day of
worl] = 60SAy3a GANBR YR 2LISNYGAy3I Ay 2FG§Sy aRI

To minimise the risk of acciden@gunyoyeet al.(2011)provide a series of recommendations
for emergency procedures, suggesting that they should pay particular attention to staff
management and shifts allocations foortable barriers deployment when transportation and

installation require more than six hours.

Besing on this evidence, the assumption adopted in the RAO software application is that the
parametere in equation(5.9) is initialised 6 0. This implies that no extra cost for personnel

are included in the cost function formulation, as it appears clear f@gnnyoyeet al. (2011)

that, in the UK, the specialised workers who deploy temporary flood barriers areniell
employeesvho are called during emergency, in case even outside their normal working hours.
However, for transferability purpose®tS w! h TN} YSg2N] Qa O2aid ¥ dzy
the user to include the personnel cost for applications in different regions (e.g. outside the
UK) or different applications (e.g. extraordinary circumstances in which personnel costs are
notcoveredby® SNy YSY (i 062RASaAQ FTdzy RAYy 30 @
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Gost functionc fleet costs

The Temporary and Demountable Flodeérotection Guide(Ogunyoyeet al, 2011) also
provides indications regarding transportation of emergency resources, in particular referring
to the location of warehouses and their proximity to transporation companies or availability

of lorries for barriers deployment close enough to the storing facility.

Several options are contemplated @gunyoyeet al. (2011) a wide spectrum of vehicles
ranging from small trailers to large shipping containers for transportation of strategic
resources from warehouses tegdloyment sites. No matter what type of vehicle is adopted,
a high relevance is given th@é emergency strategy that should maximise transportation

means accessibility to guarantee the success of emergency operations during flood events.

Similarly to the prsonnel cost assumption, there is no evidence to assume that vehicles are
rented for single eventand their cost does not directly influence the warehouse allocation,
which is the main objective of the RAO framework. For transferaibility and scalability
purposes, the user is able to set the value¢ofin equation (5.9), which represents the
additional number of lorries to the existing fleet, but in the scenarios@néed in sectior.5,

the most reasonable assumption is to initialise this parameter to zero.

Cost functiong temporay flood barriers unitary price

OYBANRYYSYy(d ! 3SyO0eQa ¢ SYL2 NI Niide(OguRyoyesay, 2 dzy i | o f
2011)has an interesting appendix providing information on a wide range of commercially
available tempaary flood barriers, covering all the typologies presented in se@i8r2.2and

Figure5. For each barrier typology, several technical details are available, among which:
product name, manufacturer, supplier details, description of the product, dimensions,

structural details, daptability to terrain conditionsoperational detail&nd financial details.

Every temporary flood barrier presented has a cost section containing information on
installation requirementsand costs, maintenance and cleaning requirements, reusability,
warranty and deterioration details.

C2NJ Ay a i Mobie Fbod Pristéctionr Systeém> Y |y dzF | RibGddBNdBeBtion o &

Systems Sweden Agdnsists in a metal foldable frame covered with a waterproof plastic
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membrane. The cost for the installation of 100m of barriers is estimated at £12,000 for a 0.8m
height and t increases to £20,000 for a 1.2m heigltccording to the materials and the
manufacturer, however the cost can vary considerably; as a matter of example, another
Swedish manufacturerGeodesign ABproduces barriers that cost between £30,000 and
£50,000 for 100m long and 1.25m high barriers (according on barrier material and storage

system)(Ogunyoyeet al,, 2011)

In the Python formulation of the RAO framework, the linear cost of demountable barrier is
NBLINS&ASY (SR Bagierdl IhSosdI NAK 0D S dPBaraBeddi of égRatidn K S
(5.9). The user is able to choose any barrier typology that they deem appropriate to the case
study terrain or the available budget, and set the linear price of the temporary flood barriers

accadingly.

In the scenarios of sectidh5the assumption for the parametay is to consider it equal to

zero. This assumption implies that no additional tempoiaayrier is going to be acquired in

the case study scenarios: the RAO framework allocates warehouses to maximise their
accessibility assuming that the amount of available demountable barriers in the Humber
region suffices to cover the whole area. Neverthlssleto maximise the transferability of the
methodology, even if initialised to zem, is an integral part of the cost formulation and its

input value can easily be adapted to the considered case study or scenario.

Gost functiong temporay flood barers maintenance costs

l'a FTYGAOALI GSR Ay GKS LINBOA200a@ANRYYSYI 2 A
Temporary and demountable flood protection guifiegunyoyeet al., 2011)annex provides

useful information on maintenance costs of commercially available temporary flood tsarrie

The maintenance cost is strictly dependant on the typology of the chosen flood barrier. Some
temporary measures require more maintenance than others; for instance freestanding
barriers need to be cleant, dried and packed before being stored, while rimgable

containers do not require any maintenance at all.

In the scenarios presented in sectibrd, the parameter  of equation(5.9) representing the
maintenance costs of demountable barriers is assumed equal to zero as it is assumed to be

assimilated into the personnel cost: fro@gunyoyeet al. (2011) it appears evident that the
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costs related to the maintenance of temporary flood protections almost always pertain
personnel costs to péorm standard procedures like cleaning and packing. Such operations
are likely to be carried out by the same personnel deploying the temporary barriers and for
this reason, this cost is assumed to be covered by the personnel cost. However, to maximise
transferability and scalability of the optimisation framework, tkhe parameter is kept
independent to allow the modelling of nestandard implementations of temporary barriers

requiring additional maintenance costs.

5.4.5. Constraints

Thechosen programming phiémphy ains to leave the algorithm the most unconstrained as

possible in order to let it free to explore the widest possible area of the solution space.
Nevertheless, a fewonstraints are implementesh order to discard unrealistic solutiofsee
section4.224F 2 NJ I+ ISYSNIf RSTAYAGAZ2Y 2F GKS. w! h FNI

5dzS (G2 GKS ylFaGdz2NE 2F GKS S@2ftdziA2y I NBE 2LISNI (2
(seeChapterd.2.2, whenmating and mutating individus, it is possible to generate solutions

that have a number of warehouses that is higher than the maximum allowed or lower than

the minimum. This is whya constraint decorator is applied to the evolutionavperators

functions: it counts the number of wahouses present in the solutions after the application

of the evolutionary operators and it discards those spatial plans that are outside the

boundaries.

Moreover, to speed up run timea,distance constrairis applied wien generating new spatial
plans This function measures the distance among the warehouses present in a potential
solution and checks whether they are far apart from each other enough. If two warehouses
are closer than a minimum distance set by the user, the solution is discaaftat a
calibration process, a distance @D kmresulted sufficient to dcrease run times without

heavily constraining the algorithm

The definition of available locatiorier warehouses happens in the initialisation phgsee
section4.2.2.]), but it is itselfbased on meeting a series of constraints; locations are defined

cavailable if:
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1. They are within the case study boundaries.

2. They are within 500 metres from a major rogmbnstraint meant to avoid locations
that are hard to be reached and to speed up the evolution process).

3. They are outside the flood zone.

4. They do not overlap protected green areas and/or parks.

5. They are on dry land.

Available locations

A Strategic infrastructure
assets

Figure25- Humber Estuary case study: available locatng strategic infrastructure assets.

Figure26 shows the algorithm to determine how to label a locatmsdavailabl€ and Figure
25aK2¢ga |ttt GKS ft20FGA2ya GKFG YSSG GKS ONX
consideration in the networlanalysis as origins. This is the result of the first phase of the
optimisation framework: a raster dataset (500 m resolution) containing information about
available locations. It is created and saved in the data folder, available to be open and used in

the following phases of the process.

The 500 m resolution is itself another constraint dictated by run time necessities; higher
resolutions necessarily imply more precision, but at the same time higher computational
efforts. Another constraint related to theature of the input datasets consists of the definition

of travel times. As anticipated in sectidi?.2 travel times are evaluated based on thedre
flow speed on network edges. This implies neglertthe traffic variable and the
consequential consideration of a bestise scenario. Besides, the free flow speed is evaluated
basingon the average speed attributed to each road edgénich depends othe road type

(e.g. Hghways speed: 90 km/h; Secondary roads speed: 80 km/h)
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Input constraints raster datasets:

Name: Cell value = 1: Cell value = 0:

- Borders | 1if cell inside borders | 0if outside horders

- 500 m roads | 1if whithin 500m of a major road | 0if farther than 500m from major road
- floodzone | 1if inside the flood zone | 0 if outside the flood zone

- Woodland | 1if green area to be protected | 0if not green cell

- Surface water | 1 if water cell | 0if not water

Constraint check

Inside borders

Within 500m
of major roads

False Qutside the
flood zone

ot on surface
water

I ¢ Tru
Non-available Available cell
cell
Generation of .shp
file and Lookup
Availability raster Shapefile:
dataset Available.shp

Lookup is a variable that
contains tuples with the
coordinates of all available cells

Figure26 - Flowchart of the initialisation process for the Humber Estuary case.study

Finally as anticipatedsections2.3.2.2and5.4.4) current commercially aviaible flood barriers
cannot cope with water depth greater tham®and that only a few have been tested for water
depths greater than In (Cabinet Office and DEFRA, 20H#®nce,the choice to consider
maximum flood depths of 1.Bn when estimaing maximum volumes required for storing

space.

5.4.6. GAcalibration

As anticipated irChapter 4.4, the genetic algorithm chosen for the evolution of spatial plans
A a 59! _tsttakegy(Fortinet al, 2012) Referring to DEAP DocumentatiidEAP Proj,

2009) the eaMuPlusLambdé&unction evolves a population of spatial plans and returns the
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optimised population together with a Logbook containing the statistics of the evolution

process.

A general description of the main parameters of #@MuPlusLarinda formulation can be
found in sectio.4. Regarding its application to the Humber Estuary case study;hbiee

of the values for thdambda (number of spatial plans to generate in each generatam)
ngen (number of generationsparameters is the result of the calibration of the model.
Calibratingthe model means to perform different runs varying those parameters and
understanding gropercombination that can guarantean acceptable quality of results and

feasible running times.

For this case studyheé value ofambdais chosen to be 1000. That means th@00 solutions
are created at each generatiowith this amount of generated childrert aach step of the
iterative process, 50 generationsgen are enough to observe convergence in the Pareto

front, as showrin Figure27.
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a) Pareto front evolution: Humber Estuary — BAU scenario
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b)

Pareto front evolution: Humber Estuary — Disruption scenario
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Figure27 - Pareto fronts evolution of the Humber Estuary case study: a) Business as esaibsb) Disruption
scenario.

5.4.7. Output phase

The output creation phase relies on the Outputs modskegection4.2.2.9. For the Humber
Estuary case study, the output files are in the form otgplf Paretefronts (normalised and
non-normalised) and in the form of shapefiles (.shp) containing the spedfatences of

Paretcoptimal solutions (spatial plans).

Pareto fronts are plotted in the solution space defined by the two objedtivetions;they
provide a usefubverview ofall the solutions inspected by theé Aand of the performance of
Paretaoptimal plans (values 62 and™Q ). On the other hand, shapefiles are convenient

for direct visualisation of spatial plans in the form of maps in a GIS environment.
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For more details, figures, graphs and maps concerning output and results féfumder

Estuary case study, ssection5.5.

5.5.Results

13 different scenarios have beanvestigatedfor the Humber Estuary case stuthspecting
different assumptions, testing different levels of emergency and assessing the sensitivity of
the main parameters characterising the problem. These scenarios will be presented following
the increasing level of complexity that can be modellegdlgipg the RAO framework, starting

from the most simplifying assumptiorie the most complex formulations. In this case the
complexity is given by both theonsideredy dzY 6 SNJ 2F @I NAI 6f Sa | yR

equations (e.g. linear vs ndmear, discrée vs continuous etc.).

The following sections provide the details regarding the assumptions of each scenario and the
results of the RAO framework applications. As specified in Chdpter i KS w! h TN} Y
outputs consist in Pareto fronts composed by Pafeptimal spatial plans. Each Pareto front
contains on averag80 optimal spatial plans, which are alby definition- optimally balancing

the trade-off betweenaccessibility and costs.

The results of the scenarios can be investigated in two ways: through the analysis of the Pareto
fronts plotted in the solution spaces aisingthe maps representing Paretaptimal spatial
plans(see section$.5.1-5.5.13. One of the advantages of this methodology is to provide the
user wth a wide portfolio of optimal solutions among which to choose; at the same time,
though, this consists in a limitation in the results presentation when considering 13 different
scenarios: since plotting maps for all the 340 optimal plans produced biRAg framework
would make this document unreadable, a selection of the most representative results will be

presented in the following sections.

The final goal of the presentation of such a wide range of scenarios is the understating of the
impactsand imp® | G A2y a GKIFIGO RAFFSNBY(d adaadzyLliazya ;
have on the results produced by the RAO framework application; and, at the same time, to

provide asensitivityanalysiof the modeQ @ain parameters.
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5.5.1. Scenario 1Uniform rentprice, discrete cost function

This scenario optimises the allocation of storing space for temporary flood defences
consideringa situation in which adequate warning is guaranteed before the flood event
occurs. It is meant to explore the business as usaadition the road network is considered

perfectly functional and sufficient time to transport and deploy temporary flood defences is

available.Table8 presents a summary of the main assumptions at the base of the scenario.

Table8 - Scenario assumptiongJniform rent price, discrete cost function

Rent price Uniform

Cost function DiscreteLINR L2 NI A2yl (2 &t

Distancefunction GEUD formulation

Strategic

. All strategic infrastructure assetacluded
infrastructure

The rent price is considered uniforfaverage value: £55.00 per square metre per annum) in
the whole Humber Estuary area and this values is used in theethsoost function
formulation presented in sectioB.4.4 in this scenario, only capital costs for warehouses are
taken into consideration, so the cost function fantation corresponds td&quation(5.5). The
geUD formulation of the distance function is proportional to the service area of each
warehouse and it is presented in in s§ea 5.4.4¢ Equation(5.1). Finally, regarding strategic

infrastructure assed, they are all inclled in the scenario and no prioritisation is assumed.

The outputs of the RAO consist ParetaFronts in the solution s and in spatial plans
showing Paretaptimal distributions of warehouses in the region according to diffefemtls

of costs and travel times.
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Plot of Pareto-optimal solutions
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Figure28- Solution space and Paretmnt for Humber Estuary case stu@enariol.

Normalised plot of Pareto-optimal solutions
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Figure29 - Normalised solution space and Parétont for Humber Estuary case stu@&enariol.
Figure28 shows the solution space defined by the two objeetfiunctions’Q (x-axis) and
"Q (y-axis). The blue triangles represent every solution inspected by the algorithm and the
dashed red line is the Parefoont: the solution lying on the Paretfvont are the ones that
optimally balance the tradeff between the two conflicting objectivesThe normalised
representation showed ifrigure29 helps to better examine the solution space and analyse

the distribution of the solutions inspected liye algorithm.

As described ithapter4.2.1, Pareteoptimality is basd on the concept of dominationhe

solutions on the Paretdront dominate all the other solutions in the simultaneous
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minimisation of the two objective function3his implies that they are not worse than the

others in all the objectives and strictly better in at least one.

Every blue triangle in the graph represeatspatial plamf warehouses. This implies that each
onehas acorrespondentnap showing Paretoptimal locations for temporary flood defences
storing space. However, before analysing each Pamptonal solution, it could be useful to

exploit the full potential of thesolution space graph.

For complex case studies involving large regions or high resolutions, the number of-Pareto
optimal spatial plans can be considerably high. However, deaflibeing optimal, some of

them may be more significant than others.

Plot of Pareto-optimal solutions
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Figure30- Thresholds in the solution space floe Humber Estuary case stugyscenariol. Orange threshold: result
driven. Green thresholds: objectidaven.

Figure30 shows a way to narrow down the field of inspection of solutions. It is possible to

definetwo different kinds of thresholds: one is resuttriven, the other is objectivdriven.

The first typology of threshol@in orangein Figure30) can be defined simply analysing the
results: it is possible to observe thdteyond certain valueshere is a worsening in one
objective without a significant improvement in the other. Analysing the cost function, for
example, beyond therangecost threshold there is an increasecosts without a significant
decreasing of travel timesSimilarly,it may happen thabeyonda certaintime threshold,

relativelyhigh travel times are considered without a significant decreas®sts.
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(greenin Figure30). For instance, a limited budget woulédmow the range of affordable
solutions, or local authorities may not be interested in spatial plans that would requirel trav

times from warehouses to deployment locations higher tharedainlimit.

These constraints haweliberately notbeen implemented in the RA&)gorithmbecause they
canvary accordingo different needsEven for the same cassudyi, it is valuablefor the user
havinga complete portfolio of solution@nd decide which of them are feasible or not

(according to available budget) and which ones are the mostefisttive.

Thegreencost and travel time thresholds shown figure30 are exemplary. They are set
assuming a hypothetimaximumavailable budget and a time thresholdeal time thresholds
depend on the availability of staff for temporary did defencesleployment.In this particular

context, it is important tobearin mind two consideratios:

1) Thetime variable (in minutes) represented on theaxis of the graph depends on the
metric chosen to measure the performance ofsipl plans againstie distance function
(for more details, see chaptér.4.4).

2) In this scenario,ravel times are evaluated on the road netwddk a single trifrom each
warehouseto the closest strategic infrastructure asshlevertheless, multiple trips from
storing location to deployment site may be requiradcording tathe availability of staff
and means of transport (dimension tife fleet of trucks available fotransportation of
temporary flood defences). These variablesy accordingo different situationghat can

involve many contingent factorand are explored in the next sectians

Once the area of interest of the solutisin the Paretefront is identified, it is possible to
analyse the spatial plans. They can be visualised in an@it®rement where further analyse
can be performed if requiredlo be able to identify tMch spatial plans to inspect, it is useful
to take amore indepthlook into the Pareo-front data. Table9 showsall the solutions (spatial
plans) that form the Paretfront, with the respective fitnesses terms of Q and™Q
Figure3l, instead, is a highlight of the Parefimnt showed inFigure28 with indications of

the numberof Pareteoptimal spatial plans.
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Table9 - Solutions forming the Paretioont of the Humber Estuaryscenariol.

Solution TR (O B R T
Plan_18102 5268 10310 567050
Plan_42215 5392 9670 531850
Plan_40341 5571 9100 500500
Plan_46012 5871 9030 496650
Plan_48013 6097 8460 465300
Plan_42075 6415 8390 461450
Plan_7034 7967 8320 457600
Plan_6005 8292 7750 426250
Plan_37077 8699 7110 391050
Plan_29188 9862 7040 387200
Plan_25576 12103 6470 355850
Plan_39197 12371 6400 352000
Plan_45520 12936 5830 320650
Plan_33005 12977 5760 316800
Plan_37001 13781 5190 285450
Plan_44002 13881 5120 281600
Plan_25000 15663 4620 254100
Plan_14021 15697 4550 250250
Plan_24263 16393 3910 215050
Plan_34005 16881 3270 179850
Plan_17072 19408 2700 148500
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Pareto-front in the solutions space
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Figure31- Highlight of the Paretdront for the Humber EstuaryScenariol - with the indication of the number of
Paretcoptimal spatial planskigures A, B, C, D, E and F are visualised respectivgyiie32, Figure33, Figure34,
Figure35, Figure36 and Figure37.

The RAO provides a shapefile (.shp) for each Pametional solution. It is possible to import
each one of them in a GIS environment and plot it as a map together with any other relevant

spatial data regarding the case study.

For clarity and readability, only a selection of Pareptimal spatial plans will be reported in
the following pagesThe aim igo provide an example of how to handle this kind of outcomes,

how to analyse them and draw conclusions out of them.

For this senario, a higher number of solutions is presented (6) to provide the reader with an
overview of the range of possibilities provided by each Pareto front. In the next sections, a
narrower selection of Paretoptimal spatial plans (the most significant) vadé presented to

ease readabilityTo provide solutions from all the areas of the Parfrtint (seeFigure31), six
spatial plansare presented:Solutions A and Bom the top-left side of the front (higher costs

and lower travel times)Solutions C and Bom the middle andSolutions E and ffom the

bottom-right side (lower costs and higher travel times).

The following pages present the six sédecPareteoptimal spatial plans: Solution Kigure
32), Solution BKigure33), Solution CKigure34), Solution DRigure35), Solution ERigure36)
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and Solution FRigure37). Every figure shows the location of the warehouses that aré qf

the plan, together with information about their size and travel tinteseach the stratgic

infrastructure assetserved by each storing location.
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Figure32 - Humber Estuargcenariol, Solution AThe green lines afer visualisation purposes: they connect each
infrastructure asset to the closest warehouse. They do not represent distances, as distances are measured as tre
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Figure33 - Humber Estuary Scenatig SolutiorB. The green lines are for visualisation purposes: they connect ea
infrastructure asset to the closest warehouse. They do not represent distances, as distances are measured as tre
on the road network
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Figure34 - Humber Estuary Scenario SolutiorC. The green lines are for visualisation purposes: they connect eas
infrastructure asset to the closest warehouse. They do not represent distances, as distances are measured as tr:
on the road network
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Figure35 - Humber Estuary Scenatlo SolutiorD. The green lines are for visualisation purposes: they connect ea
infrastructure asset to the closest warehouse. They do not represent distancesansadisire measured as travel time
on the road network
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Figure36 - Humker Estuary Scenario 1, SolutiariTEe green lines are for visualisation purposes: they connect eas
infrastructure asset to the closest warehouse. Td@yot represent distances, as distances are measured as travel i
on the road network
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Figure37- Humber Estuary Scenatig SolutiorF. The green lines are for visualisation purposes: they connect ea
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5.5.2. Scenario 2Uniform rent price, discrete cost functionth road network
disruption
The second scenariefers to the same assumptions of the previous one with respect to
202SO0ADS TFdzy Ol A faes ifto dcéhmvaddistupiion hywlich ehel mightl
be not enough time to act before the beginning of the flood and some parts of the road

networkmay be inaccessible due to the presence of floodwakahlel0presents a summary

of the main assumptions at the base of the scenario.

Tablel0- Scenario assumptionsJniform rent price, discrete cost functiedisrupted road network.

Rent price Uniform

Cost function DiscreteLINR L2 NI A2yt G2 41

Distance function | GEUD formulation

All strategidnfrastructure assets included, but not
all reachable from everywhere due to road networ
disruption.

Strategic
infrastructure

A historic flood map has been considered: it represents the footprint of all past flood events
in the areaThis highlights how many routes are susceptible to blockage and disruption during
a flood. The result is that two areas resulted disconnected from the rest of the region, as

shown inFigure38.

A ‘," :"‘\‘_‘ A Statesic

infrastructure asset

74 K [ ’ a Road network

Flood zones 2 and

t x < 3 (Env. Agency)
i x 4 “ Historic flood
: P A i x A B cvents footprint
: " . A N Disconnec ted
i3 A 8 i
s = L WG atav‘ :
- e %

Figure38- Disconnected areas due to the flooded road network

The disruptionscenarioshows the possibility of theoptimisation methodology to explore

extreme situatiors, like thosan which there is not enough time to deploy all the required
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flood defences before the flood begins. This could be due to insufficient warning time or a

contingent insufficiency dhe workforce to deploy all the resources.

In order to allow the RA®@amework to perform the network analysis, a very high travel time
value has been assigned to the flooded road edges (instead of deleting them). This simulates
an obstacle on the network and allows NetworkMagberget al., 2008)to always resolve a
solution, disconnecing parts of theroad networkcanlead toerrorswhen trying tocompilea

new Origin/Destinations Matrivecauseshortest pathcalculations may not be possible

As described in sectioh.5.], the outputs have a dual nature: Pareionts in the solution
space and georeferenced spatial plaRggure39 shows the solution space of thdisruption
scenario run of the RAfdamework At first glance, it is possible to observe two areas where
the solutions are concentrated: there is a clusteratgions in the lefthand side of the graph
and there is a second group of more scattered solutions in the-fightl side of the solutions

space.

This horizontal distribution of solutions indicates that the second group ¢hght side) has
considerabhhigh travel times (and generally low costs). This is due to the fact that when fewer
warehouses are taken into consideration, it is less probable that at least one is present in each
disconnected area of the case study. When there is not any storingdaacaiihin the isolated

area, it is necessary to cross one of the road edges with very high travel time assigned (i.e.
flooded road), hence the very high travel times assigned to many solutions inspected by the

algorithm andthe resultingdispersion obserw in Figure39.

As a consequence, only the lfand side of the Paretfront will be taken into consideration
in the analysis of the resudt since onlgolutions that guarantee access to the isolated areas

will be taken into consideration (see tintiereshold inFigure39).

It is essentialto highlight hat this choice is up to the user and that tf@lowing analysis of

the results is one of many possities. As for other design choices described in the previous
chapters, this constraint can lagriori implemented with the result of producing only feasible
solutions (i.e. with a warehouse in every disconnected area). Nevertheless, it seemed
reasonable to show and highlight the versatility and adaptability of the R&®ework to

different potentialnecesities and/or requirements of the ultimate user.
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! Plot of Pareto-optimal solutions
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Figure39- Solution space and Paretmnt for Humber Estuary case stu@enario2.

Figure40showsa highlight of the lefthand part of the Pareto front dfigure39, together with

the indication of the solutions that are inspectelb ease the comparison of results among
different scenarios, the same amount of Parefptimal spatial plant ofsection5.5.1 is
presented Pareteoptimal solutions are chosen from all the parts of the Paifetmt in order

to analyse results covering its entire range. Six plans are selected Solutiigei#e41) and
BFigured2d) FTNRBY (GKS G2LInt ST AARS g2eFtimésk SoluffohsR v

C Figure43) and D FFigure44) from the middle and Soluties E Figure45) and F Eigure46)

FNRY (GKS 02002 YnNR Jighértravelttnds).o f 26 SN O02ai0a I yF
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Pareto-front in the solutions space
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Figure4l- Humber Estuarfcenario2, Solution AThe green lines are for visualisation purposes: they connect ea
infrastructure asset to the closest warehouse. They do not represent distances, as distances are measured as tr
on the road network.
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