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ABSTRACT
FACULTY OF ENGINEERING AND THE ENVIRONMENT

Doctor of Philosophy

Project Appraisal under Uncertain Futures:
An assessment of Real Options Analysis and Flood Management

Climate change is a major concern as it is likely to cause significant human and environmental impacts.
However, the uncertainty of the magnitude of climate change impedes adaptation. Recent decision-
making approaches tend to employ flexible options or strategies that enable us to observe and learn over
time and hence make more informed decisions in the future. This thesis focuses on real-options-
approaches as an method or tool to assess flexible adaptation options or strategies in the context of
coastal flooding and sea-level rise. An integrated framework for real options analysis of climate change
adaptation decisions has been developed, considering the key processes for coastal flood risk
management.

The resulting methodology has been applied to an illustrative case study site (Lymington, UK south
coast), which has a long history of coastal flooding and adaptation, and sea-level rise must be considered
in future decisions. However, due to the uncertainty of future sea-level rise and socio-economic change,
the scale and/or timing of adaptation measures are a key question in adaptation planning. The different
adaptation pathways of upgrading coastal defences in single or multiple stage(s) are assessed within the
integrated framework. Flood simulations and monetisation of flood damages are conducted to quantify
the performance of the selected adaptation pathways against the risk and uncertainty of coastal flooding
due to sea-level rise.

This analysis makes three main contributions. Firstly, we identify a maximum option value and an
optimal investment time for an adaptation option under a given environmental condition. Secondly,
we find that the timing of optimum investment can be linked to a threshold value of sea-level
rise, independent of the rates of the sea-level rise. Thus, it can be used as an indicator of the optimal
investment time to achieve the maximum option value by observations. Lastly, this thesis provides a
method to compare single stage investments and multiple stage investments in one metric performance.
Hence, the application of the integrated framework enables us to understand how to maximise/optimise
the performance (i.e. option value) of single adaptation options or pathways with flexibility, allowing
uncertain conditions of sea-level rise and socio-economic change.

The analysis complements previous real option analysis in climate change adaptation with a focus on
guantification of adaptation options in economy efficiency. The real-options-based approach developed
in this thesis can be applied to any case where irreversible adaptation measures are being planned
against climate change induced events. This framework helps to understand when and how to
implement the adaptation options efficiently, providing sufficient services to protect Lymington under
uncertain conditions.
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Definitions/Glossaries

Adaptation pathways (or paths) a strategical approach designed to enable decision-makers
to choose diverse decisions or paths at decision points in response to the future states (i.e. sea-
level rise). Thus, the adaptation pathway is comprised of sequences of adaptation measures and
decision nodes. All the adaptation measures in sequence are well-connected to address future
risk within the narratives of future scenarios. This approach is called adaptive management,

dynamic approach or managed adaptation.

Adaptive management approaches or strategies that adjust or modify adaptation measures or
pathways in response to future climate change (Hallegatte, 2009). This approach is frequently
referred to as adaptation pathways approaches or dynamic approaches.

American Style option a financial option which is the right but not obligation to sell stocks at
a specific price or to buy stocks at a specific price. This type of option can be exercised at any
time before the expiry date. On the contrary, European Style option can be exercised only at
the expiry date.

Bellman’s equation an equation to describe a decision problem at a certain time in terms of
the current states resulting from the previous actions taken and the remaining decisions. For
example, a deferrable option offers option holders a choice either to wait, or implement, at a
given time. Thus, the remaining choices constitute an optimal policy with respect to the sub-
problem starting at the state that results from the initial actions (Bellman, 1957). Bellman’s
equation provides a method to calculate a continuation value and a termination value for a

given year

Binominal lattice approach a numerical method for the valuation of flexible options under
two states of futures. Two future states are assumed with the corresponding probabilities of the
future states at any decision point. Thus, two choices are available for decision-makers. If
multiple decision points are made, various decision paths can be made to describe the complex

future states.

Black Scholes model an option evaluation model for financial instruments such as call or put
options under the uncertainty of the price of the underlying assets (Black and Scholes, 1973;
Cooper, 1999; Park, 2002). This option pricing model is commonly used in evaluating financial

options (call or put options) such as stocks.
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Breaching is a failure mechanism in which seawater enters floodplains behind the collapsed

coastal defence.

Brownian motion describes the random movement of particles in fluid due to their collisions
with other atoms or molecules. The Brownian motion is used to represent the deterministic and

random motion of uncertain variables in engineering, physics, economics or mathematic issues.
Brownian SLR defines the Brownian motion of sea-level rise.

Coastal defence Man-made structure (usually concrete or masonry) that is built along
shoreline to block erosion or prevent flooding or resist erosion. Where necessary, different

geometries (e.g. vertical or sloping are distinguished).

Continuation value refers to an option value at a given year when the option is deferred to the
next year. This value is estimated by discounting an expected value in the next year by discount

factor.

DEFRA UK Government Department (Department of Environment, Food and Rural Affairs)

that address policies or issues for the environment, reginal or urban development.

Discount rate an indicative value to represent a social preference of time (Tol, 2003; Hunt and
Tailor, 2009). It is socially-agreed value by compromising the values of the future and the
present (ibid.). If the present value is more important than the future value, a high discount rate

is chosen for option evaluations. Otherwise, a low discount rate is selected.

Drift parameter determines the deterministic motion of variables in Brownian motion. This

parameter represents the expectation or mean of motion of variables in the next year.

Environment Agency a non-departmental public body, established in 1995 and sponsored by
the United Kingdom government's Department for Environment, Food and Rural Affairs, with
responsibilities relating to the protection and enhancement of the environment (including flood
risk assessment or management) in England and Wales.

European style option a financial option that can be exercised at the expiry date. Refer to

American style option

Expected utility theorem an economic or gamble theory, introduced by Daniel Bernoulli in
1738, which states that subjective values associated with individual’s choices that have

uncertain outcomes are the statistical expectation of individual’s valuations of the outcomes.

22


https://www.thoughtco.com/definition-of-fluid-604466
https://www.thoughtco.com/definition-of-atom-and-examples-604373
https://www.thoughtco.com/definition-of-molecule-605888

Extreme still water level means the elevation of seawater surface in extreme storm surge
events (McMillian et al., 2011). This is a consequence of combination of astronomical tides
and meteorologically generated skew surges. Probabilities or return period water levels are
used to represent the risk of extreme still water levels.

Failure mode any mechanisms or flood dynamics that allow defence or defence system to

provide a flood pathway (potentially progressing to flooding).

Flood Risk refers to risk due to flooding which is quantified by the sum of products of the
monetised flood damages and the corresponding probabilities of occurrence of the flood

damages. Flood risk is represented by expected annual damage (EAD) in this thesis.

Flood risk management is referred to as processes that assess and manage the risk of
flooding from all flood mechanisms, identify adaptation measures and provides advice on
actions to be taken before and during a flooding.

MAOD stands for metre Above Ordnance Datum, which is height from a vertical datum used
by an ordnance survey as the basis for deriving altitude on maps. Usually mean sea level
(MSL) is used for the vertical datum

Monte-Carlo simulations Computational algorithms that rely on repeated random sampling
to obtain numerical results. The use of the Monte-Carlo simulations is found in physical,
economic and mathematical problems due to advances in computational power. These
approaches are very useful when other analytical approaches are not impossible to provide
solutions. These random-sampling approaches are used for optimisation, numerical

integration and the generation of probability distribution.

Multi-Decision criteria approach an approach that evaluates multiple conflicting criteria in
decision-marking. Conflicting criteria such as environment, cultures, societal unity are typical

in evaluating options: cost or price is usually incommensurable with such conflicting criteria.

Net present value a measurement of profit which is evaluated by subtracting the present values
of all the streams of costs from all the streams of benefits during the life of a project. Generally,
the metric of the net present value (NPV) is used to assess a project made on a now-or-never
basis in cost-benefit analysis. In this thesis, the net present value defines the option value of a

project implemented now (i.e. NPVhow).
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Overflowing refers to a coastal defence failure mechanism that allows a high level of
seawater to flow over the crest of coastal defence. Due to a great amount of seawater inflows,

the low-lying coastal areas behind coastal defence will be significantly inundated.

Overtopping refers to a coastal defence failure mechanism that allows wave run-up to pass
over the crest of coastal defence. The wave overtopping volumes rely on a freeboard which is

a difference between the seawater level and the crest level of coastal defence.

Premium additional costs to be paid for incorporating flexibility of future growth in
adaptation options (in this thesis, coastal defence)

Real options the right, but not the obligation, to undertake certain business or project
initiatives, such as deferring, abandoning, expanding, or contracting a capital investment
project. These types of options were vigorously used in finance sectors. This concept has
been extended to decision-making on real-life issues under uncertainty. Thus, it is referred to

as ‘real’ as it references projects involving a tangible asset instead of a financial instrument.

Real option value the option value of a project including flexibility (e.g. wait or future
growth). This value comprises a net present value (NPV) and a real option premium added to
the option. The real option premium is attributable to the flexibility. This value is a maximum
net present value that can be achieved by using flexibility. In this thesis, NPVt denotes the

real option value.

Return period a recursive period within which a certain amount of natural event may occur
again in a statistical sense. Inversely, it indicates a probability that a certain amount of natural
event occurs in a year. For example, a 1-in-200 year return period flood event has a 1/200

chance of its occurrence in a year.

Risk A possibility of an area of interest being damaged or harmed from all the possible
events. Risk is statistically defined as the sum of all the damages times the corresponding
probabilities. For the risk to be known, the probabilities of occurrence of flood damages

should be estimated.

Robust Decision making an approach or analytical framework that pursues the robustness of
potential options to all the plausible or considered futures rather than an optimal response to a
single most-likely future (Lempert et al., 2007; Hall et al., 2012). This approach invented by
Lempert et al. (2007) provides a decision framework in which experts and decision-makers

evaluate the performance of candidate options against all the plausible futures.
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Root mean square error (RMSE) Statistical measure that indicates the accuracy of measured
data of a varying quantity. In the case of LIDAR data, this is calculated by taking a square root

of the average set of squared differences between modelled elevations and observed elevations.

Shoreline Management Plan (SMP) A broad-scale assessment of the risk associated with
coastal processes. Shoreline Management Plan (SMP) describes a strategy to manage coastlines
against flood and/or erosion (DEFRA, 2006; NFDC, 2010). This management plans set out the
next 20, 50 and 100-year policy to assist decision-making on flooding from sea and the coastal
erosion. Four different shoreline management policies are present in SMP: (1) No active
intervention (NAI) (2) Hold the line (HTL); (3) Managed Realignment (MR); and (4) Advance
the line (ATL)

Stochastic differential equation a differential equation that models various phenomena (e.g.
temperature), states (e.g. probability) or values (e.g. option value) with respect to uncertain
variables following a stochastic process. For the existence of a stochastic differential equation,

the uncertain variable must follow Brownian motion.

Storm surges A rise above normal water level on the open coast commonly associated with
low pressure weather systems, wind stress forcing and orientation of the water body relative to

storm path. It is sometimes known as the residual, or surge component of a water level.
Termination value refers to an option value at a given year when the option is implemented.

Uncertainty refers to a state of incomplete knowledge and understanding of what we pursue.
Uncertainty concerns futures, physical dynamics, data, models and all the relevant issues.

Variance parameter refers to change in the stochastic process over any finite interval of time.
The variance parameter of Brownian motion indicates how far the value in the next year can
deviate from the most expected value from the perspective of the present. As the effects of the
variance on variables are cumulated over the long-term period, uncertainty becomes large and
deep at the end of the stochastic process. Thus, the uncertainty of Brownian motion increases

with time.
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Chapter 1. Introduction

1. Introduction

1.1 Background of the research

Climate change is a major concern for human beings as it has the potential to cause
significant damages to people and the environment (Nicholls et al., 2014; IPCC, 2014).
Appropriate actions or measures against the risk of climate change need to be taken in a
timely manner (Ranger et al., 2013). If not, the potential risk of climate change that has
currently been observed around our environment will be a significant threat in our world.
Recently, climate change induced events seem to become more frequent and extreme
worldwide. For example, daily temperature in Seoul (South Korea) has reached the highest
(39.4 °C) on record with this anomaly observed during 31 consecutive days nationwide in
2018 summer. For Japan, Kansai International Airport near Osaka was submerged under
seawater due to high waves and storm surges caused by a powerful Typhoon Jebi (the 4%
Sept, 2018). The image of runways being under seawater was very shocking, as it is the third
busiest airport in Japan in passenger number. Most media reported that the highest
temperature and the extreme storms might be caused by climate change.

In literature on climate change, adaptation is defined as adjustment to changes in natural or
human environment (Smit and Pilifosova, 2003: p.879). It is a context-specific process that
involves ‘all activities in natural or human systems in response to actual or expected climatic
stimuli or their effects, which moderates harm or exploits beneficial opportunities’. To
prepare our systems or societies against such extreme climatic events, adaptation actions need
to be taken timely and cost-effectively. However, due to uncertainty in climate change,

adaptation is very challenging to those involved (King et al., 2015:p.18-27).

Climate change adaptations involve diverse stakeholders in decision-making processes
(Adger et al., 2009). For example, the concern of risk analysts may be an extent to which they
protect what they value, or a way in which they manage risk or uncertainty from natural
events (Nicholls et al., 2016). Economists or policy makers may be concerned about the
economic efficiency or cost-effectiveness of adaptation actions taken against climate change
in policy contexts (Stern, 2007). On the other hand, the public may be more concerned about
whether their lives and assets are safe against such risks. Therefore, the implementation of

adaptation actions or measures necessarily requires a complicated process to understand and
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communicate risk and uncertainty in the contexts of climate change adaptation (Adger et al.,
2009).

A variety of ideas and approaches have been introduced to reduce the risk or uncertainty in
regard to climate change adaptations (Hallegatte et al., 2012). There are a number of
approaches used for climate change decisions and, of particular relevance here, flood risk
management (hereafter, termed FRM). For example, multi-decision criteria analysis
(MCDA), robust decision making (RDM), adaptive management (AD) and many other
approaches are currently employed to address uncertainty issues from climate change
adaptation (Hall and Solomatine, 2008; Haasnoot et al., 2013; Ranger et al., 2013). All of
these methods aim to make well-fitted decisions to the context of sites and the types of risks
and uncertainties. However, there are still limited applications of these approaches to climate
change issues to date, because climate change is a long-term event including the uncertainty
of the future (Tol, 2003; Ranger et al., 2013; Nicholls et al., 2015). In this regard, decisions
on climate change adaptation may differ depending on the view of decision-makers towards

the future and the contexts of climate change adaptation.

This study is consistent with other research focusing on managing risk and uncertainty in
climate change adaptation, in particular, coastal flooding. However, this thesis places more
emphasis on the flexibility of wait (or time), by which we might reduce uncertainty in climate
change adaptation. A number of studies have been found in resolving uncertainty with time in
adaptation decisions. Dutch Delta Programme (Netherlands), Thames Estuaries 2100 (UK)
and New York city (US) are appropriate examples of managing risk and uncertainty by using
flexibility under the well-developed narratives of climate change scenarios (Hallegatte, 2009;
Reeder et al., 2009; Haasnoot et al., 2013; Ranger et al., 2013; Nicholls et al., 2015).
However, in-depth analysis into investment timing could lead to more informed adaptation
decisions. In other words, investing now gives us safety, but maybe we over-invest and act
too quickly. In contrast, waiting allows us to observe and learn the future, and hence make
more informed decisions, but may expose us to more risks if we do not act quickly enough.

However, there is little explanation on these issues in the previous studies.

This research aims to develop a new method to assess and value coastal adaptation options
under flood risk and the uncertainty of climate change with an opportunity to adjust the
investment time over the time horizon. For flexible options, this thesis examines single

deferrable adaptation options and multiple-stage adaptation options, respectively. Lymington
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(UK) is selected as a case study site which has experienced several coastal floods over the
last few decades and this coastal village is still susceptible to sea-level rise. In this regard, this
research is considered to be relevant to decision-makers and flood risk analysts involved in
adaptation decisions in Lymington as well as other areas at the growing risk of coastal
flooding due to sea-level rise. In addition, the approach developed in this thesis can give
decision-makers or flood risk analysts an important insight or instruction on how to plan or

implement adaptation options with flexibility under the uncertainty of climate change.

1.2 Necessity and timeliness of the research

In most climate change policies, salient problems and issues are associated with uncertainty
in the magnitude and occurrence of extreme events (e.g. temperature, rainfalls, droughts or
sea-level rise) (Stern, 2007; Hall and Solomatine, 2008; Haasnoot et al., 2013; King et al.,
2015). Traditionally, uncertainty was considered as ‘unknown risk’ when no information
would be available to describe its magnitude and probability (Knight, 1919). Thus, decisions
under uncertainty were made upon risk analyst’s assumptions (i.e. scenarios) to ensure either
possible losses were minimised or possible gains were maximised (Hall and Solomaitne,
2008; Van der Pol et al., 2016). Although uncertainty will not be fully resolved, most
government guidelines on FRM require the comprehensive understanding of uncertainty
before major planning or investment decisions (USWRC, 1983; EA, 2010; MLTM, 2016).

Decision-making on investment in climate change adaptation is undertaken under diverse and
plausible climate change scenarios based on scientific understanding and knowledge (Hall
and Solomatine, 2008; Nicholls et al., 2014). It is well recognised that adaptation decisions
are partly subject to risk analysts’ perception and preference to risk aversion (Willow et al.,
2003; Hall and Solomatine, 2008). For instance, risk analysts may choose the worst-case
scenario to avoid any losses from the risk of coastal flooding under which the possible
investment options must be costly. On the contrary, others may prefer the most likely
scenario to balance investment cost with reduction in flood risk. Thus, the success of its

decision is subject to how risk analysts view the future.

In this regard, ways to treat risk and uncertainty have a significant effect on option evaluation
(Tol, 2003; Stern, 2007; Weitzman, 2009; Eijgenraam et al., 2014; Hinkel et al., 2015).
Especially when we adopt cost-benefit analysis (CBA) for option evaluation in FRM, the
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effect of uncertainty on option evaluation is more apparent. The uncertainty of future
scenarios (Tol, 2003; Ranger et al., 2013), experts’ views towards risk (Weitzman, 2009;
Hinkel et al., 2015) and incommensurability of conflicting values such as environment and
culture (Adger et al., 2009; O’Brien, 2009) interact with each other in a complicated way,
leading to variations in the result of CBA. Though such issues in CBA have been well
recognized by many experts (Stern, 2007; Hunt and Taylor, 2009; Ranger et al., 2013; Van
der Pol et al., 2016), CBA is still considered as a mainstay of option evaluation (Maddison,
1996; Tol, 2003; Boardman, 2008).

On the other hand, some approaches deal with uncertainty by finding a ‘robust option’, which
performs relatively well against all the assumed futures (Lempert et al., 2006; Hall et al.,
2010). These approaches are characterised by assessing the potential adaptation options under
the possible future states assumed by analysts or decision-makers. Thus, they are aimed to
assess the robustness of candidate options against the uncertainty of the futures in order to
minimise possible regrets or losses (Ranger et al., 2013; Van der Pol et al., 2016). However,
additional expenditure for a robust option to cover the various future scenarios may be over-
investment or less efficient adaptation, if the realised scenarios are beyond the analysts’

assumptions.

In order to resolve such problems with the irreversibility of the investment decision, flexible
options that can be adjusted in response to the future states are recently adopted in designs of
infrastructure such as coastal defence, dam and water channel as well as any other adaptation
measures (Hallegatte, 2009; Haasnoot et al., 2013, Ranger et al., 2013; Woodward et al.,
2014). Traditionally, investment decisions are made on a now-or-never basis (Dixit and
Pindyck, 1994; Nefuville, 2003; Dobes, 2010). The investment might be either accepted or
rejected at the outset by evaluating its utility or performance only with currently available

information.

Real option analysis improves such traditional investment decisions by providing a choice
available later in the future for decision-makers. It is recognised as an assessment approach to
value adjustable options comprising the flexibility of wait, growth, shrinking or/and
abandonment (Dixit and Pindyck, 1994; Park, 2002; Linquiti and VVonortas, 2012: Woodward
et al., 2014). At the beginning, the uses of real options analysis are mostly found for project

appraisals such as R&D, entry into a new market, manufacturing, construction contract or the
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building of new factories. Now, it is widely used to a variety of engineering or physical issues

by adapting techniques developed from financial sectors to real-life issues.

This thesis starts by focusing on an idea from real options analysis that ‘the flexibility of time
added on an traditional option is an important element to address uncertainties coming from
the future’ because it allows us to observe and learn about the future so that we can make
more informed decisions as we learn (Dixit and Pindyck, 1994). Adaptive management (AM)
- also known as adaptation pathways, dynamic adaptive planning or managed adaptive - and
real options approach (ROA) adopt this idea to resolve uncertainties from the futures
(Hallegatte, 2009; Ranger et al., 2013, Woodward et al., 2014; Nicholls et al., 2015; Van der
Pol et al., 2016; Hino and Hall, 2017). However, a core difference between two approaches is
the quantification of flexible adaptation strategies under the future uncertainty of climate
change. Both approaches in climate change adaptations are unclear on how the adaptive
options have been quantified in terms of economy efficiency as the investment timing is not

fully examined in implementing adaptation measures.

Hence, this thesis focuses on quantifying flexible/adaptive strategies with the investment time
to vary during a planning horizon so that the investment timing of flexible strategies will be
thoroughly addressed under the various future states of sea-level rise and socio-economic
development. In the literature on real options analysis, flexible options or strategies are
defined as any measures that can be adjusted/modified in the future such as waiting,
abandoning, switching, contracting or growing (Dobes, 2010; Linquiti and VVonortas, 2012;
Woodward et al., 2014). To introduce the concepts of real options into climate change
adaptations, this thesis has to focus on developing a new approach to integrate currently
available frameworks for flood risk management such as economic analysis (e.g. cost-benefit
analysis, discount rate), climate change scenarios (e.g. IPCC data), risk estimation methods as
well as a real options based method. Therefore, the approach developed in the thesis is

believed to aid the previous studies with regard to the use of flexibility.
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1.3 Aim and objectives of research

The aim of this research is to develop and apply an integrated approach for evaluation of
flexible/adaptive strategies in flood-prone areas against the uncertainty of future flood risk.
The newly developed approach enables this thesis to compare various adaptation options
including flexibility under uncertain conditions (e.g. climate change or socio-economic
change) in a quantitative way. The aim is addressed by considering three research questions
which encapsulate the objectives of the thesis. These research questions reflect the steps in
applying the framework of real options analysis in climate change adaptation and, thus, help
define the potential roles of the real options analysis. The issues and subsequent research

questions are as follows.

(1) Implication of the results of real options analysis in climate change adaptation
What do the quantitative values of flexible/adaptive options or strategies have to do

with making the adaptation decisions under the uncertainty of climate change?

(2) Ways to use flexibility under the uncertainty of climate change
How can we adapt or optimise the flexible strategies against the uncertainty of future
states (i.e. sea-level rise scenarios or socio-economic scenarios) with the quantified

values of the flexible strategies?

(3) The effect of real options analysis on reduction in uncertainty
Has the uncertainty been reduced by the flexible strategies and the relevant approach
to assess them, or how has it affected the resultant decisions under the uncertainty of

the futures?

This thesis also focuses on integrating all the key processes and data that are required in the
current FRM while addressing the aim and objectives. Thus, the outcomes from this approach
can inform practice in adaptation planning, decision-making, risk analyses and creating

public policy in the context of coastal flooding and climate change.

The steps to achieve the aim and objectives are as follows:

e To develop an integrated method which comprises the uncertainty modelling of
climate change scenarios (in this case, sea-level rise) and socio-economic scenarios

(e.g. the number of properties or populations), the setup of flexible/adaptive options,
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flood simulations, the monetization of flood risks and, consequently, option
evaluations. Thus, all the processes need to be well connected so as to provide a
consistent analytical tool to estimate adaptation strategies under the modelled

uncertainties.

To apply the method via a case study of flood management. Lymington and its
environs (including Pennington and Milford-on-Sea), in the west of the Solent (UK) is
selected as a case study site as it is susceptible to coastal flooding and sea-level rise.
Adaptation plans to upgrade coastal defenses against sea-level rise are currently
available for the Lymington study, providing key information from a FRM
perspective (NFCD, 2010; Nicholls et al., 2014). Additional flexibilities (i.e. waiting
or dividing) are hypothetically added to the potential upgrade scheme of coastal
defenses. This enables the identification of the possible roles of the real-option-based

approach in the contexts of coastal flooding under the uncertainty of the futures.

To assess the transferability of the framework or method from the experience of
the case study application. This assesses the sensitivity of the results to various
factors, including (1) discount rate (r), (2) investment cost (1), (3) the size of coastal
defense (S), (4) the type of flexible/adaptive strategies (T), (5) climate change
scenarios (C), (6) socio-economic scenarios (SE), etc. The sensitivity test on the
flexible/adaptive strategies indicates how each factor has an effect on the results, as

well as which factor is more critical in option evaluation.

To assess the flexible/adaptive strategies in terms of risk management, economic
efficiency, post-actions (i.e. monitoring), applicability and other relevant factors. The
assessment enables this thesis to compare the real-options-based approach to other
approaches that have previously been used for decision-making under the uncertainty
of climate change. Therefore, the possible roles of the approaches developed in the

thesis will be reassessed for further application in climate change adaptation issues.
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1.4 Novelty of the study

This thesis has some distinct points in comparison to previous studies on real options

analysis. The key aspects are as follows.

(1) This thesis has integrated the key processes and data for flood risk analysis and
real options analysis. The adaptation options with flexibility have been quantitatively
evaluated in an analytical framework. This integrated method enables us to investigate
the effects of the future uncertainty on the value of flexible adaptation options.

(2) This thesis evaluates two types of real options (i.e. a single deferrable adaptation
option and a multiple-stage adaptation option). Firstly, in terms of an option-to-
wait case, the analysis enables us to see how option value changes according to
investment time and when it is best implemented. Allowing the investment time to
continuously vary, we can estimate all the option values of a deferrable adaptation
option in regard to time under the uncertainty of sea-level rise scenarios and socio-

economic scenarios.

(3) Secondly, the analysis of the option-to-grow case also allows us to quantify
multiple stage adaptation options under uncertainty in economic terms. For an
option-to-grow case, we can divide a single deferrable investment into multiple
sequential investments. As the size of an adaptation option and the number of steps to
upgrade the adaptation option change the overall cost, the option-to-grow case

requires a more complicated process than the option-to-wait case.

(4) The evaluation of real options including flexibility has been conducted in both
stochastic and deterministic cases. In the deterministic case, we use mean sea-level
rise (MSLR) for option evaluations, whereas, in the stochastic case, we have
described the uncertainty of sea-level rise by Brownian motion, which is commonly
used to depict uncertain variables (e.g. the price of stocks) in physical, engineering or
financial analysis. The Brownian motion enables us to describe the deterministic and

random evolution of sea-level rise in a numerical way (Dixit and Pindyck, 1994).
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Thus, the characteristics of real options have been throughly investigated both in the

stochastic and deterministic cases of sea-level rise.

(5) This research seeks to incorporate the uncertainty of sea-level rise from UKCP
09, as it is, into the analytical framework of flexible strategies. To evaluate or
quantify flexible adaptation options or strategies, the previous studies needed to
estimate the probabilities of occurrence of future states (i.e. sea-level rise). Instead of
analysing the future states and their own probabilities, this thesis has assessed an
adaptation option under individual future scenarios. This approach, to some extent,

helps eliminate subjective views on how the future states of sea-level rise will be.

1.5 Structure of the thesis

The thesis is structured as follows. The logical flow of all the chapters mentioned is

illustrated in Figure 1.1.

Chapter 2 provides the understanding of the basic principle and features of real options
analysis with reviews on the relevant literature. The current challenges and issues in climate
change adaptation have been also reviewed from the perspective of FRM. This enables us to
highlight the advantages of real options analysis in comparison with the existing approaches
that have been introduced to deal with uncertainty in climate change adaptation or adaptation

planning.

Chapter 3 introduces the case study area (Lymington, Milford-on-Sea and Pennington) which
experienced several flood damages over the last few decades. This includes a preliminary

investigation into the risk of coastal flooding and sea-level rise in the case study site.

Chapter 4 presents methodologies that are necessary for the assessment of flexible adaptation
options in regard with real options analysis. This chapter focuses on integrating all the key
processes from flood risk analysis and real options analysis in order to offer a basic

foundation upon which to quantify flexible options/strategies.

Chapter 5 shows the results of assessing a single deferrable adaptation option in a real-option
based framework. The flexibility of wait is incorporated into coastal adaptation measures
under the uncertainty of sea-level rise and socio-economic development. This chapter, thus,

gives an important insight on how the flexibility of wait can reduce the uncertainty of future
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climate change or optimise the investment decision. The option value and investment timing

of a single deferrable adaptation is of a main concern in this chapter.

Chapter 6 assesses multiple-stage adaptation options with the same framework as conducted
for a single deferrable adaptation option in Chapter 5. Thus, each stage of the multiple-stage
adaptation is considered as a single deferrable adaptation option in this chapter. For the
analysis, we split a single large investment into two- or three- stage investments. Diverse
adaptation pathways have been constructed with different investment costs. All the adaptation
paths or sequential strategies are assessed in quantitative terms.

Chapter 7 discusses the results of real options analysis applied into both option-to-wait case
and option-to-grow case, respectively and draw the implications of real options analysis for

applications to other cases.

Chapter 8 concludes with some suggestions of strategical adaptation measures for

Lymington, including general lessons from the applications for future research.
To provide the detailed explanations, the thesis includes appendices at the end of this thesis:

A. Analysis of wave effects on coastal flooding

Applying Brownian motion into Sea-level rise (SLR)

Change in ESWL by MLSR for different SLR scenarios
Change in ESWL by Brownian SLR for different SLR scenarios
Investment costs to each stage of multiple stage investment
Friction coefficient of floodplains in Lymington

Results of flood simulations at various loading conditions

I O0mMTmMmOUOD

. Flood damages (£) — Extreme Still Water Levels
I. Change in EAD for MSLR and Brownian SLR
Change in expected annual benefit (EAB) across sea-level rise for adaptation

“

measures
Change in EAB for MSLR under different SLR scenarios
NPV distribution of an adaptation option at different investment times
. Optimisation of investment time and its option value by formulation
Effects of discount rates on optimal investment time

Effects of future growth rates on optimal investment time

oz r X

Sensitivity test on different factors
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Q. Optimal investment time in the stochastic case of sea-level rise by dynamic
programming

R. Derivation of formula for optimal investment time in the stochastic cases of climatic
variable(s)

S. Quantitative comparisons of adaptation paths by different premium values

Ch. ,
Introduction
1
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Figure 1.1 Logical flow of the chapters for the thesis
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Chapter 2. Literature review

2. Literature review

This literature review chapter includes preliminary studies to make sure the problems and
issues are explicitly recognised and addressed. This part focuses on the understanding of
uncertainty in climate change as well as the identification of relevant issues in climate change

adaptation in order to achieve the goals of the thesis.

This chapter is structured as follows. Firstly, we explore issues on uncertainty and risk around
climate change adaptation through relevant literature reviews. This helps identify the natures
and types of uncertainty around climate change adaptation as well as define the non-
stationary nature of risk of coastal flooding due to climate change or sea-level rise. The next
section reviews decision-making tools that are currently used in climate change adaptation.
The comparisons of several decision-making tools enable us to understand the characteristics
of real options analysis. In the next section, the thesis investigates into the principles and
practices of real options analysis with skills and techniques available for real options analysis.
Lastly, we review some relevant studies on the use of real options analysis or approach to
climate change adaptation issues. This will allow us to know and identify gaps between what
is now available and what needs to be improved for real options analysis.

2.1 Definition and characteristics of uncertainty and risk

There are a number of definitions for uncertainty in human-related issues. Uncertainty is
literally defined as ‘the state of being uncertain,’ ‘doubt,’ “‘unpredictability,' ‘indeterminacy’
or ‘indefiniteness’ (Oxford Dictionary, 2016). In practice, it is used to describe ‘the state of
imperfect and/or unknown information in human’s knowledge and action’ ranging from
philosophy, through physics, statistics and economics to policies and engineering (Grossi and
Kunreuther, 2005). Uncertainty is everywhere there is the imperfection or lack of knowledge
on what we pursue. In the perspective of flood risk management, uncertainty is generally
defined as ‘the imperfection of our knowledge regarding risk’ (Willows et al., 2003; Hall et
al., 2007; Ranger et al., 2013). The uncertainties in FRM may come from the unpredictability
of occurrence of natural events (e.g. earthquake), the lack of human’s ability to describe
natural or physical systems, unknown future states and limitations on source data for
modelling (Willow et al., 2003; Hall and Solomatine, 2008; Tang and Aung, 2008).
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There have been a wide variety of research and studies to address uncertainty in and around
climate change adaptation (Arnell, 1989, Willows et al., 2003; Ang and Tang, 2006; Ban-
Heim, 2006; Hall et al., 2007; Lempert et al., 2007; Hallegatte, 2009; IPCC, 2014; Nicholls et
al., 2014). According to the traditional Knightian view (Knight, 1921), the uncertainty was
considered as something to be separate from risk. From this perspective, risk was
traditionally defined as ‘a known character or state with a known probability’ while
uncertainty was defined ‘an unknown risk with an unknown probability’ (Knight, 1921). The
traditional risk analysis described risk with a known probability that was based on the
observations of occurrence and magnitude of the past natural events. On the contrary, the
uncertainty was addressed by evaluating the performance of potential strategies or options

against individuals’ assumed future states (Knight, 1921; Wald, 1949; Savage, 1951).

Currently, regardless of whether risk is known or not, it is defined as the overall possible or
probable consequences which have harmful effects on human or natural systems (Willow et
al., 2003; Grossi and Kunreuther, 2005; Hall and Solomatine, 2008). Thus, flood risk
management and assessment, in quantitative terms, defines risk as the product of the
probabilities of occurrence of extreme events and the corresponding damages (Willow et al.,
2003; Hall and Solomatine, 2008). On the contrary, uncertainty is now defined as the quality
or state of knowledge on risk (Willow et al., 2003). Thus, if our understanding is imprecise,
or insufficient, to define natural hazards or events, such a state is defined or termed as

‘uncertain’.

The risk and uncertainty are currently treated together in flood risk management because the
uncertainty affects both the probability and magnitude of risk (Willow et al., 2003; Hall and
Solomatine, 2008; Field et al., 2012). In such an interplay between risk and uncertainty, some
important aspects need to be considered for FRM. Firstly, probability distributions are
commonly utilised to represent uncertain conditions in engineering or science issues whether
they are known or not (Arnell, 1998; Ang and Tang, 2008). It is accepted that the probability
distributions of outcomes or predictions are an effective way to communicate uncertainty
(Lempert et al., 2007, Lowe et al., 2009; Kunreuther et al., 2013; IPCC, 2014). For example,
Intergovernmental Panel on Climate Change (IPCC) represents the confidence of climate
change projections with probabilistic ranges (IPCC, 2014; Hinkel et al., 2015). The IPCC
report represents a future sea-level rise projection and its uncertainty with a statement that “it
is very likely that global mean sea-level rise for the period of 2046 to 2065 (relative to the
1986-2005) will lie between 0.22m and 0.38m for RCP 8.5” (IPCC, 2014). Here, the term
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‘very likely’ means a 90% confidence, while ‘likely’ means a 66% confidence level (Hinkel
et al., 2015). This view or expression of uncertainty is based on a Bayesian probability theory
which represents the state of experts’ belief or knowledge to uncertain futures or conditions
with assumed or well-defined probability (i.e. probability density function, hereafter, termed
pdf) — This Bayesian probability is not based on the observation of past events (Ang and
Tang, 2005). In this regard, although the uncertainty is an unknown character, the assumed
probability for its quantity is assigned to describe the future state. The climate change
projections or scenarios developed from IPCC follow Bayesian views in describing the
uncertainty of climate change projections (IPCC, 2014). The UKCP projections downscaled
from IPCC data also employ the Bayesian probability to express the uncertainty of the

projections (Lowe et al., 2009).

Secondly, the risk and uncertainty of climate change occur simultenuously, interacting to
each other. For example, let us consider a highly-developed and a non-developed area at the
risk of 1-in-200 year coastal flooding, which is a storm surge event with a peak water level of
2.0 mAOD from the present-day perspective. As sea-level rises with time, both areas will be
more likely to be innnudated by increased extreme water levels in the future. However, there
will be no damage in the non-developed area as there is no valuable assets such as properties,
businesses and infrastructure. For explanation, we exclude other asset values such as

environment in this exemplary case. Thus, there is no flood risk in the non-developed area.

However, in the highly-developed area, uncertainty has substantial influences on what people
value within the area. In this case, not only does the quantity of risk depend on assets within
the flooded area, but also it is affected by future sea-level rise which increases the likelihood
of coastal flooding. As sea-level rise is uncertain, the risk in the developed area is also
uncertain in magnitude and occurrence. This comparison demonstrates how uncertainty and
risk interact with each other in association with values and objectives that stakeholders
consider within the area of interest (Adger et al., 2009; Hall and Solomatine, 2008; King et
al., 2015).

In this regard, a wide variety of definitions of risk and uncertainty appear in literature on
flood risk management and climate change adaptation. Generally, in any given year t, risk ri
is defined by equation (1) (Hall and Solomatine, 2008).

oo

r = f D(X,)F(X,)dX, (1)
0
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Where, D(X;) is a damage function of X, X is a vector of k variables (= (x1, ... , x))

describing possible future states in year t, f (X;) is a probability density function:

fow f(XpdX; = 1. It should be noted that a set of future states (Xt) are variables over time so

the subscript t is used to denote the year.

In the case of the non-developed area, rt is zero in equation (1) where there is nothing
valuable (D(X;) = 0). Thus, the uncertainty of the future states X; has no effect on the risk in
this case. However, if (D(X;) # 0), the uncertainty of the future states X: affects the risk.
The higher the value of the assets (e.g. properties or commercial buildings) within the area,
the higher the damage will be given the future states X:in year t. Thus, equation (1)
demonstrates that the more highly developed an area is, the more sensitive the risk is to

uncertainty.

Due to the characteristics of risk and uncertainty, there are some issues and challenges that
need to be addressed in decision-making, in particular, FRM. Firstly, climate change is a
long-term event spanning over a century or longer. Thus, uncertainty in climate change is
deep and large (Lempert et al., 2003; Groves et al., 2008; Ranger et al., 2010). In terms of
sea-level rise, it will occur for multiple centuries (Nicholls et al., 2014; 2018). To adapt our
systems and environments to such a long-term change, the centennial or decadal-scale

projections of climate change are necessary.

Secondly, the scale and direction of changes in climate conditions (i.e. sea level, rainfall and
temperature) are hard or impossible to precisely predict (Hawkins and Sutton 2009; Ranger et
al., 2013; Nicholls et al., 2018). Although, in the future, advanced scientific modelling and
analyses are expected to improve the accuracy of prediction on future climates, they will
inevitably include some level of uncertainty (Stainforth et al., 2007; Pielke et al., 2012;
Ranger et al., 2013). Hence, decisions that are influenced by future climate have to be made
under wide uncertainty. For instance, Hallegatte et al. (2013) forecast that the 136 largest
coastal cities may experience severe flood damages expected to reach US $52 billion/year
over the next 50 years due to increase in population, property and its value. In addition, if
flood defences are not upgraded, the flood damages at the global scale are expected to
increase to US$ 1 trillion or more (Hallegatte et al, 2013; Nicholls et al., 2015). As there is

deep uncertainty in sea-level rise, the needs and actions for upgrading the flood defences
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upgrades are or will be placed in the context of uncertainty. It is because, the longer the time

frame of the decision is, the greater the uncertainty will be.

Thirdly, uncertainty issues are substantial in decision-making processes that evaluate
potential strategies and options against risk (Ban-Heim, 2006; Lempert et al., 2007; Hall and
Solomatine, 2008; Kunreuther et al., 2013). To address uncertainty within the existing
analysis framework such as cost-benefit analysis, risk analysis bounds the range of plausible
future scenarios under which potential strategies or options are evaluated according to
defined criteria such as economic efficiency, standard of protections, or tolerable risk. Then,
it provides the most optimum strategies or options that performs well against the assumed
future scenarios (Ban-Heim, 2006; Lempert et al., 2007; Hall and Solomatine, 2008;
Kunreuther et al., 2013). The optimum strategies or options chosen by risk analysts may work
well for individually defined futures. In other cases, they may perform poorly under

unexpected or ignored future states.

The defined future states are subject to how risk analysts have viewed the risk and
uncertainty of the futures (Hall and Solomatine, 2008). For example, risk analysts’ attitudes
towards risk aversion affect an extent to which risk can be tolerated within our system in the
worst-case scenario (Lempert et al., 2012). In addition, uncertainty concerns a possibility or
probability that such the worst case may or not occur in the future (Hall et al., 2012). Thus,
decisions on optimal strategies differ depending on the contexts of flood risk managements
and climate change policies (Smit and Pilifosova, 2003; Adger et al., 2009). Apart from that,
if socio-economic scenarios are considered together with climate change scenarios, the

process of FRM becomes more complicated than excluding socio-economic changes.

Due to various problems identified in FRM, there are increasing calls for comprehensive and
integrated approaches to address both uncertainty and risk together (Hall and Solomatine,
2008; EA, 2012). To understand the characteristics of such demands from climate change
adaptation, this thesis has reviewed the types and characteristics of uncertainties that
frequently appear in climate change adaptation. This helps not only to identify uncertainty
issues in FRM, but also set a right direction for real options analysis to address substantial

uncertainty issues in climate change adaptation.
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2.2 Types and characteristics of uncertainty and its issues on decision-making

Uncertainty exists in and around climate change issues where the knowledge of the future is
not enough to provide complete information or outcomes for involved stakeholders and
decision-makers (Willows et al., 2003; Stern, 2007; EA, 2010). Even if climate change
predictions or simulations become more accurate and precise in the future than now, the
likelihood and intensity of natural hazards will remain uncertain because of imperfection of
information and knowledge on the natural hazards (Stern, 2007). Uncertainty in climate
change adaptation is defined and classified in many different ways (Willows et al., 2003;
Grossi and Kunreuther, 2005; Hall and Solomatine, 2008). The definitions and characters of
uncertainty are different depending on where it comes from and how it appears in the process
of decision-making (Hall and Solomatine, 2008). Due to the natures and complexities of
uncertainty in climate change adaptation, most governments or institutions require the full

understanding and explanation of uncertainty in decision-making processes (EA, 2010).

In a broad sense, uncertainty is classified into inherent uncertainty and epistemic uncertainty
(Ang and Tang, 2003; Willows et al., 2003; Grossi & Kunreuther, 2005; Hall and
Solomatine, 2008). The former type of uncertainty concerns the natural variability of the
magnitude and likelihood of environmental disasters (e.g. earthquake or coastal flooding) in
the real world whereas the latter type comes from the incomplete human understanding of
physical systems, the inaccuracy of data and input parameters, model simulations and any
other factors. Therefore, ‘natural variability’ is called ‘aleatory uncertainty’, which cannot be
reduced so that it is addressed in probabilistic methods or analyses (Ang and Tang, 2003),
whereas ‘epistemic uncertainty’ is referred to as ‘knowledge uncertainty’, which is more
detailed into future uncertainty, model uncertainty, and data uncertainty (Willows et al.,
2003). Table 2.1 explains the characteristics and examples of uncertainty that emerges in

climate change adaptation.
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Table 2.1.Types and characteristics of uncertainties in climate change (Source: Willows et al., 2003; Hall and Solomatine, 2008)

Types of Uncertainty

Characteristics

Examples of uncertainty in climate change adaptation

Inherent uncertainty (or
natural variability)

Inherent or natural uncertainty defined as uncertainty that exists
inherently in natural phenomenon and events regardless of whether our
knowledge is perfect or not. Environmental events or extreme climates
come under this type of uncertainty. These types of uncertainty are
related to the magnitude and likelihood of the natural phenomena (e.g.
earthquake, rainfalls, storm surges, etc.). This uncertainty cannot be
reduced by advanced analysis and is referred to as ‘inherent or aleatory
uncertainty’ in climate change (Willows et al., 2003; Hall and Solomatine,
2008)

The magnitude and occurrence of natural events such as

water level, waves, tidal/surge, discharge/rainfall, etc.

Data uncertainty

This type of uncertainty is due to limitations on the precision and
accuracy of observation, measurements, estimation or data processing.
This uncertainty comprises measurement errors, incomplete or
insufficient data collection and extrapolation (Willows et al., 2003)

Size or property of flood defence system
Model grid size

Roughness of floodplain or coastal defence
Representation of buildings and properties in DEM data
Price of buildings and assets

Knowledge uncertainty (or
future uncertainty)

This uncertainty is related to the lack of knowledge and evidence on
problems that decision-makers may face. Knowledge uncertainty mostly
concerns about uncertain futures. Therefore, it is often called ‘epistemic
or future uncertainty’ (Willows et al., 2003; Grossi & Kunreuther, 2005)

Future land use and properties development
Change in populations and business

Social and urban vulnerability

Change in social discount rate

Change in construction industry/agriculture
Path of greenhouse gas emission scenarios

Model uncertainty

This type of uncertainty reflects our limitations on modelling the real
world or physical systems with our insufficient knowledge and
techniques. The model uncertainty can be classified as a type of
knowledge uncertainty. This uncertainty is due to model choice and
structure, input values, parameters and output variables (Willows et al.,
2003)

Climate change projection models

Downscaling from global scale to local scale vice versa
Roughness of floodplain or coastal defence

Statistical uncertainties in estimating extreme events
Flood depth-damage relations

Limitation of simulation programmes

Resolution of model analysis

DEM model
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A great deal of efforts towards addressing uncertainty have been made from the improvement
of climate change models and projections to the development of decision-making tools (Hall
et al., 2012; Haasnoot et al., 2013; Hinkel et al., 2015). Some scientists have made
contributions to accurate predictions of future climate scenarios through improved Global
Climate Models (GCM) and Regional Climate Models (RCM) (Feyen et al., 2013; Wolf et
al., 2015) while others have focused on quantifying uncertainty with a probabilistic range of
climate change projects such as rainfall, surface temperature, and sea-level rise (Murphy et al.
2004; Grossi and Kunreuther, 2005; IPCC, 2014). The UK Climate Projection 2009
(hereafter, UKCP 2009) has provided the dataset of climate variables with probabilitic ranges
(Lowe et al., 2009; EA, 2010) which have been downscaled from climate change projections

at the global scale.

Flood risk management or assessment has also introduced a variety of decision-making tools
such as Robust Decision Making (RDM), Multi-Criteria Analysis (MCA), Managed Adaptive
Approach in order to provide robust or optimal strategies against the uncertainty of climate
change adaptation (Haasnoot et al., 2013; Ranger et al., 2013). Most governments and
institutional organizations that address fluvial and coastal flooding recommend the use of
appropriate decision-making tools to address uncertainty in climate change adapatation
(Willows et al., 2003; EA, 2010; Hallegatte, 2012; OECD, 2016; MLIT, 2016).

However, there are still unsolved issues relating to uncertainty in climate change adaptation.
Firstly, climate change (e.g. temperature, rainfall and sea-level rise) at the global or regional
scale is occurring over a long-term period (Ranger et al., 2013; Nicholls et al., 2018).
According to the IPCC AR5 (Intergovernmental Panel on Climate Change Fifth Assessment
Report), the global warming and sea-level rise in 2081-2100 (relative to 1986 to 2005) is
predicted to be in the range of 2.6 to 4.8 C°and 0.45 to 0.82 m for RCP 8.5 (Representative
Concentration Pathways), respectively (IPCC, 2014). As the estimates of global temperature
rise and sea-level rise differ depending on emission scenarios, AR 5 provides separate global
temperature rise and sea-level rise scenarios according to emission scenarios (e.g. RCP 2.6,
4.5, 6.0 and 8.5). Moreover, another issue in association with the predictions of climate
change is what scale of climate change will happen and whether it will continue in the future
(Ranger et al. 2013; Haigh et al., 2014). The future climate scenarios by IPCC AR 5 report

show much variation in the possible ranges of sea-level rise projections depending on model
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types, scales of simulated areas and emission scenarios as illustrated in Figure 2.1 (IPCC,
2014). In this regard, the climate change projections in AR5 do not fully satisfy the demand
of risk analysts or decision-makers involved in climate change adaptation decisions (Hinkel
et al., 2015). For example, IPCC AR5 seeks to provide an acceptable prediction of climate
change scenario within the defined (likely) range, while risk analysis is more concerned about
a high-impact event than a highly-likely event (Nicholls et al., 2014; Hinkel et al., 2015).
Also, the IPCC data does not reflect the high-end scenario that needs to be addressed in most
risk assessment (King et al., 2015: p. 223).
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Figure 2.1 Past and future sea-level rise. Proxy data in light purple and tide gauge data in blue,
green and orange present the past sea-level rise. Future sea-level projections and ‘very likely’
ranges (shaded areas) are represented for very high emissions (red, RCP 8.5 scenario) and very
low emissions (blue, RCP 2.6 scenario). (Source: IPCC AR5 Fig. 13.27) (Church et al., 2013)

If the uncertainty of future climate is apparent in the process of decision-making, the
uncertainty issues are substantial in investment decision (HM Treasury, 2003; Hall, 2007;

Gilboa et al., 2009; Ranger et al., 2013). For example, the priority of risk management is on
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the aversion of a critical state in which extreme events may cause intolerable damages to
human systems or built environments (Ranger et al., 2013). In addition, any casualty due to
coastal flood cannot be accepted in societal norms. However, from the perspective of budget
holders, or investors, the economic efficiency of climate change adaptation is of main
concern (Boardman, 2008; Mendelsohn, 2011). In this respect, incomplete information may
lead to the investment being too early or late due to over- or under-estimation of the risk of
climate change (Mandelson, 2011). The hasty investments may also result in over-protections
or sunk investments whereas the over-delayed investments may result in maladaptation which

causes significant costs for recovery due to flood damages.

In this context, the purpose of risk assessment should be aimed to make a balance between
the mitigation of flood risk and the economy efficiency of adaptation options under the
uncertainty of the future climate change (Nelson et al., 2009; Hall et al., 2012; King et al.,
2015; Kim et al., 2018). The choice or preference of options for climate change adaptation is,
consequently, subject to the contexts of flood risk management such as the uncertainty of
climate change projections, limitations on resource allocations and environmental conditions
(Cox and Stephenson 2007; Stern, 2007; Hall and Solomatine, 2008; Hawkins and Sutton
2009; Nelson and Anderies, 2009; Meldelsohn, 2011). In this context, risk analysts or
decision-makers are placed in the face of significant challenges in prioritising options or
strategies that should meet both the decision criteria of economy efficiency and the standard
of protection (Tol, 2003; Hinkel et al., 2015; King et al., 2015: p.45-46). Thus, in some
occasions, an investment in climate change adaptation forces decision-makers to trade-off
between strategies with the best performance and those with relatively low performance, but
less sensitivity, to pursue both the alleviation of flood risk and the economy efficiency of the
investment (Hall et al., 2012; Nelson and Anderies, 2009).

2.3 Decision-making approaches in climate change adaptation

A wide variety of decision-making approaches to address uncertainty are found in climate
change adaptation literature. Cost-Benefit analysis (CBA), Robust Decision Making (RDM),
Info-Gap theory, Adaptation Pathways (AP) and Real Options Analysis (ROA) are good
examples to deal with uncertainty in climate change adaptation (Hall and Solomatine, 2008;
Haasnoot et al., 2013; Hallegatte et al., 2012; Ranger et al., 2013; Woodward et al., 2014).
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Most approaches are aimed to evaluate and provide an optimal or robust option against
uncertainty embedded in the context of climate change adaptation. The decision-making

approaches currently used for climate change adaptation are summarised in Table 2.2.

Table 2.2 Summary of decision-making approaches for climate change adaptation

Approaches Summary Application to adaptation

. Evaluate all costs and benefits of all options | Worldwide
» Cost-benefit ) '
Traditional tool Ivsi and estimate net profits (the overall
analysis
Y benefits minus the overall costs)

Define the robustness of options by policy Vietnam, UK, US

Robust decision goals, economy efficiency or costs and
making evaluate the robustness of all candidate
options under assumed future states.
Establish a portfolio of sequentially Netherlands, South Korea, UK,
Decision-making connected adaptation options and decision | US
Adaptation L . )
tool under nodes within possible future scenarios and
) pathways . - .
uncertainty take investment decisions in response to
future states.
Incorporate flexibility (i.e. wait or future Bangladeshi, Ethiopia, Mexico
Real options growth) in irreversible adaptation options Uk, US
analysis and evaluate the flexible options within

possible future states

Each decision-making approach has its advantages and constraints in application. The
selection of a decision-making approach relys on the scales and levels of uncertainty and the
availability of data (Lempert et al., 1996; Evans et al., 2004; Hall and Solomatine, 2008; EA,
2010; Dittrich et al., 2016). Though uncertainty matters have not been fully resolved by
choosing an appropriate decision-making, such decisions should be made upon a
comprehensive consideration of all the potential impacts of uncertain factors as well as the
primary sources of uncertainty during an economic evaluation. Two critical issues are found
in the deision of climate change adaptation: (1) how to define and model uncertainty from
changing climate; and (2) how to quantify risk which interacts between the magnitude of
natural disasters and the value of human’s assets under uncertainty (Hall and Solomatine,
2008; Dawson et al., 2015; RACC, 2015). Thus, uncertainty in climate change adapatation
cannot be addressed without considering decisions to be made and assumptions required for

such decisions (Hallegatte et al., 2012).

The successful application of any decision-making tool is subject to judgements made by
decision-makers in the context of climate change adaptation (Hall and Solomartine, 2008). In

this respect, there is no decision-making tool that fully resolves uncertainty issues in climate

49



change adaptation (Watkiss et al., 2015). It is important to identify the features of decision-
making processes in dealing with uncertainty. The following sections have compared
decision-making processes commonly and widely used in addressing uncertainty in climate
change adaptation. There are also other relevant approaches to deal with uncertainty such as
Info-Gap theory, Multi-Criteria Decision Analysis (MCDA), Portfolio Analysis (PA) and so
on. However, rather than investigating all approaches available for flood risk analysis, this
thesis seeks to extract the salient characteristics of real options analysis in contrast to relevant
decision-making processes with a focus on comparison between flexibility and non-flexibility

in option evaluation.

2.3.1 Cost-benefit analysis (CBA)

Traditionally, cost-benefit analysis is commonly used to assess options where expected gains
and losses can be quantitatively measured in terms of the social preference of the present over
the future (Dasgupta and Pearce, 1972; Tol, 2003). In cost-benefit analysis, the expected
gains should be greater than the expected losses for an option to be implemented. This simple

rule is directly represented with a formulation of net present value in equation (2):

BG) ~o C(0)

i i
e (1+7) o (1+7)

()

Net Present Value (NPV) =V —1 =

NPV =V —-1<0 (Not invest)
NPV =V—-1>0 (invest)

Here, V is project value, | is investment cost, B(i) is an expected benefit at year i, C(i) is an
expected cost at year i, L is the length of project life and r is discount rate. Conventionally,
cost-benefit analysis under uncertainty follows several steps as outlined below (Hallegatte et
al., 2012)

1) Identify potential projects or options for flood risk management

2) Explore the sources of uncertainty and future states

3) Evaluate overall costs and benefits for each project during the period of its life
4) Calculate the present value of all the streams of the costs and benefits

5) Test the sensitivity of net present value to uncertain futures
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The results (i.e. Net Present Value, hereafter, termed NPV) from CBA are very sensitive to
option parameters (i.e. discount rate and project life) and conditions (i.e. future scenarios)
(Hallegatte et al., 2012). In applying cost-benefit analysis in climate change adaptation, one
particular issue is related to the representation of the probability of future events or states as it
has significant effects on expected benefits from candidate options. The expected benefit is
defined as reduction in flood damage due to any adaptation measure (e.g. coastal defence
upgrades). Conventionally, the expected benefits under uncertain future states are estimated
by averaged values or expected utilities (Dasgupta and Pearce, 1972; Von Neumann and
Morgenstern, 2007). The expected benefit under uncertain futures implies the most likely

value in a statistical sense.

In this context, some literature has pointed out that the result of the cost-benefit analysis is
highly dependent on experts or analysts’ belief on the likelihood of possible states of futures
(Von Neumann and Morgenstern, 2007; Hallegatte et al., 2012). As CBA is based on the best
estimate of climate change scenario, subsequent decisions are highly likely to fail to meet the
criteria of cost-benefit rules under a rare or low-probability, but high impact, future (Morgan
etal. 1999; HM Treasury 2003; Stern, 2007). Besides, another issue raised in cost-benefit
analysis is that all the possible events are statistically averaged (Halleggate et al., 2012;
Hinkel et al., 2015, King et al., 2015). Thus, despite the effect of extreme or disastrous event
on the real life, its effect may be little in option evaluation.

Many studies in literature suggest that decisions from cost-benefit analysis should be tested
against various future states (Morgan et al. 1999; HM Treasury 2003; Tol, 2003; Stern,
2007). Despite such disadvantages, the cost-benefit analysis is a basic approach that most
government and institution require for investment decisions (EA, 2010; IPCC, 2014).
Therefore, the merit and demerit of cost-benefit analysis should be understood before its
application to risk management. The cost-benefit analysis is routinely used with other
approaches (e.g. robust decision making) to address uncertainty in climate change adaptation.

2.3.2 Robust Decision making (RDM)

Robust decision making (RDM) pursues the robustness of potential options against all

plausible futures rather than an optimal response to a single most-likely future (Lempert et
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al., 2007; Hall et al., 2012; Hallegatte et al., 2012). This implies that options immune to
variations in the future states are considered to be robust in option choice. This approach
invented by Lempert et al. (2007) provides a decision framework in which experts and
decision-makers evaluate the performance of candidate options against all the plausible
futures. This approach is considered useful when uncertainty is very large or future

information is missed (Watkiss et al., 2016).

Robust decision-making can be applied to environmental policies, flood protection measures
or any other interventions which may cause the long-term effects on reducing the risk of
climate change under uncertainty (Lempert et al., 2006; Lempert and Collins, 2007, Hall et
al., 2012; Mclnerney et al., 2012). Though its procedure differs depending on where it
applies, RDM follows four major steps as below.

1) Determine candidate strategies and assume a range of uncertain future states

2) Examine the candidate strategies or options over the range of assumed future states

3) Bound future states in which the candidate options meet target performance
established by policy goals, budget constraints, or economy efficiency

4) Assess the robustness of each option within the defined or assumed futures

This analysis takes iterative processes from step 1 to 4 to ensure the comparisons of the
performances of all the candidate options under the assumed future states. Thus, depending
on criteria based on the performance metric, no regret option or minimax option can be
selected to meet the objective of the decision-making process. The performance metric can be
cost, benefit, loss or reliability. The robustness for any candidate option x; for a given set of

future states S, is defined in equation (3).

Robustness = R(x;,S) 3)

Here, R is any function representing the robustness metric of a candidate option x; for a given
set of future states S ={S1, S2,...,
performance metric f(xi , S) (= {f(xi, S1), f(Xi, S2)...... f(xi, Sn)}) to R(xi, S) over the set of

scenarios (Hall et al., 2012; McPhail et al., 2018). Although different robustness metrics (e.g.

Sn}. The robustness is calculated by transforming the

no regret, minimax, expected utility) can change the definition of the robustness in equation
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(3), the principle of RDM pursues to find a robust option that satisfies the target goal of the
robustness set by decision-makers under a given set of future states. This assessment process
enables stakeholders to engage with decision-making by recognizing the vulnerability of
potential policies or options. This approach helps decision-makers to identify the

success/failure conditions over a wide variety of futures.

2.3.3 Adaptation pathways approach or adaptive management (AM)

There are numerous terms used to refer to Adaptive Management (AM) or adaptation
pathways approach in the literature on climate change adaptation. For instance, pathway
flexibility, dynamic adaptive planning, iterative risk management, and managed adaptation
are all classified under the adaptation pathways approach (Haasnoot et al., 2013; Ranger et
al., 2013).

In adaptation pathway approach, adaptive plans or strategies are implemented sequentially in
response to the increasing risk of coastal flooding and, thus, they can be adjusted, or switched
to other options as new information emerges (Ranger et al., 2013). The flexibility in this
approach can be a structural (e.g. the extension of coastal defence), non-structural measure
(e.g. flood warning system, policy) or both (Ranger et al., 2013). The flexibility included in a
set of adaptation measures enables the adaptive management to be more robust against risk
and uncertainty than traditional approaches without such flexibility. For example, the
extension plan of coastal defence for a long-term timescale can be included in the early stage
of construction of the coastal defence (Reed et al., 2009; EA, 2010; Haasnoot et al., 2013;
Ranger et al., 2013). Once such flexibility for future extension has been included in
adaptation options, it will be optionally or selectively used to improve the capacity of coastal

defence in response to the future risk of flooding.

The adaptive management defines a route-map including a portfolio of options, decision
paths, and nodes under all the possible range of future states or scenarios (Nicholls et al.,
2015). All of the options and paths are well connected to each other within the narrative of
adaptation strategies against all the possible future states (Ranger et al., 2013). According to
the realized climatic variable and future learning about climate change (e.g. sea levels), the
sequentially- connected options within adaptation pathways will be taken to cope with the
rising risk of coastal flooding over time. The options can be structural (e.g. seawall) or non-

structural (e.g. flood warning). Therefore, this strategy is characterised by switching or
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adjusting options within a route map in response to the future states. In general, the

adaptation pathways approach follows several steps as below (Hasnnoot et al., 2013).

1) Describe the current and future situations of risk and define the objectives of
adaptation policies

2) Analyse the vulnerability of floodplains under the plausible future scenarios

3) ldentify appropriate options or plans to address the vulnerability

4) Analyse the ensembles of transient climate change scenarios

5) Determine the sequence of adaptation actions to deal with the future scenarios

6) Map out decision paths and thresholds to trigger the sequentially- connected

adaptation actions

An important feature of adaptation pathways approach is the identification of climatic (or
other) variables to trigger changes to the selected pathway (Haasnoot et al., 2013; Ranger et
al., 2013). Adaptation pathways are made up of decision nodes and pre-defined threshold
values above which the system or environment will be critically vulnerable to the risk of
coastal flooding unless the adaptation measure is implemented (Hallegatte, 2009; Ranger et
al., 2013). Thus, the adaptation pathways approach is an iterative, dynamic and heuristic

process.

This method has been applied in the Thames Estuary 2100 (TE 2100) project, which is well
known to be the first infrastructure project to deal with deep uncertainty in the UK (Reeder et
al., 2009; Ranger et al., 2013; Nicholls et al., 2015). A portfolio of options are sequentially
planned to cope with sea-level rise from 4 to 6 m so that this strategy covers all the possible
or probable futures over the next one to two centuries, including the most extreme case of
West Antarctic Ice Sheet (WAIS) collapse. A group of sequential adaptation options planned
in pathways are considered to be robust as a whole against the uncertainty of futures, not only
because the adaptation pathways approach prepares for all the possible risk of future sea-level
rise, but this approach enables stakeholders to avoid the possibility of wrong or irreversible
investment. This adaptation pathways concept is vigorously used in a number of cases such
as the South-western Delta and Dutch Delta programme (Netherlands) and New York city
(US) (Haasnoot et al., 2013). The merits and demerits of the adaptation pathway approach are

summarised in Table 2.3.
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Table 2.3 The merits and demerits of the adaptation pathways approach (Ranger et al., 2013)

Advantages Disadvantages

Decision-Centric adaptation planning: Possibility of exposure to risk: During the period
This approach maintains flexibility in decision to | of delaying an option, losses from the risk may
ensure its planning is adaptable to diverse happen

scenarios, so its approach is scenario-neutral

Effectiveness of investment timing: Investment | Maladaptation: In a case where an initial
timing can be adjusted when climate change is investment is not possible at the outset, the
different from what is expected delay can be considered as maladaptation or
may cause higher costs than the investment
now, if disastrous flooding occurs

Robustness of decision: Decision is flexible The complexity of analysis: This approach is
enough to cover all the sources of risk and difficult to simplify and apply so that the cost-
uncertainty of climate change benefit analysis can be more complicated.

2.3.4 Real options analysis

If there is large uncertainty in investment decisions, waiting, switching, shrinking or growing
can be an alternative decision or strategy that analysts or decision-makers can add to the
existing options (Dixit and Pindyck, 1994; Park, 2002). These types of options allow our
knowledge to increase and potentially reduces uncertainty by allowing more time to be spent
on observing how the future unfolds (Hallegatte et al., 2012). These types of decision-making
processes are all classified under real options approaches or analyses, which originally
emerged from financial options or strategies (Arrow and Fisher, 1974; Dixit and Pindyck,
1994; De Neufville, 2003; Hallegatte et al., 2012; Woodward et al., 2014; Hino and Hall,
2017). A difference between the adaptation pathways approach and the real options analysis
is that investment for real options analysis should be irreversible. In real options analysis,
flexibility that decision-makers or investors can take under uncertain future states is
considered to be an additional option that needs to be assessed in option evaluation (Dixit and
Pindyck, 1994). In this respect, the real options analysis is different from standard cost-

benefit analysis which cannot include flexibility in option evaluation.

A real option value (ROV) comprises a net present value (NPV) and a real option premium as
shown in Figure 2.2 (Park, 2002). The real option premium is attributable to flexibility added
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on an option, whereas NPV is a value that investors or option holders will receive when the
option is implemented immediately. If the real option value is higher than the net present
value (i.e. ROV > NPV), the wait is preferred to the immediate investment. Otherwise, the
investment now (i.e. NPV >0) or abandonment (i.e. NPV <0) is a plausible strategy or

reasonable decision for option holders to take.

Real Option Conventional

Premium NPV

Figure 2.2 Illustration of real option value with real option premium and conventional NPV

Even if NPV of an option is below zero (i.e. the overall benefit is less than the overall cost),
the option value may become positive in real options analysis. The real option analysis
evaluates a possibility that gains from the investment will be higher in the future than now
(Park, 2002). An ability to defer or wait allows investors or decision-makers to learn more
about the potential choices via observation. Thus, the decisions including the possibility of
future learning will make options more robust against the uncertain futures. Generally, real

options analysis follows a few of steps as below.

1) Determine the sequence of options lasting over, at least, two periods of future states
2) Define two or more possible future states regarding climatic variables

3) Allocate the estimates of probabilities to each of the future states

4) Evaluate the net present value (NPV) of each set of options under each future state

5) Aggregate the probability-weighted NPVs from step 4.

Real options approach is applicable where three investment conditions are satisfied: (1)
flexibility: investors or option holders have an ability to defer an investment with no
restriction; (2) irreversibility: the investment is irreversible; and (3) uncertainty: the future
gains may rise or fall depending on the future states (Dixit and Pindyck, 1994). In this regard,
real options analysis seems to be similar to adaptation pathways approach because both hold
options until more information is available. However, the adpatation pathways approach can
take structural or non-structural measures (e.g. flood warning system) to reduce flood risk.
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Some measures included in the adaptation pathways may be reversible. In addition, the
quantification of flexibility in real options analysis is a key feature to distinct itself from the
adaptation pathways apporach. The value of real option enables decision-makers to know
whether flexibility incorporated in real options is worthy. In this respect, the real options
analysis is also involved with decisions with respect to the investment timing under
uncertainty (Dixit and Pindyck, 1994).

To understand the characteristic of real options analysis in climate change adaptation, the
methods explained so far are compared according to various criteria considered in decision-
making as shown in Table 2.4 and 2.5. However, it should be noted that the choice of
decision-making process depends on the objectives of adaptations, the degree of uncertainty
and the types of adaptation measures. In the end, the use of real options analysis or approach

is subject to the context of climate change adaptation.
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Table 2.4 Advantages and disadvantages of decision-making approaches that address uncertainty in climate change adaptation

Methods Principles and assumptions Advantages Disadvantages References
Cost-Benefit CBA compares the overall costs and 1. CBAis axiom for investment decisions in 1. A selected option is optimal only to a single Bernoulli
Analysis benefits from preferred options during the economic terms most-likely future (1738), Tol
(CBA) project life. It is based on expected utility 2. The investment rule is simple (the overall 2. It is difficult to monetise all values in option (2003), Von
theorem. Thus, the options are evaluated benefits exceed the overall costs) evaluation. If social values are monetised, its Neumann and
under the most likely scenario rather than 3. The option is assessed under the most likely outcome appears to be subjective. Morgenstern
the worst or best scenario. All the cash future state which is considered as rational 3. The outcome is very sensitive to uncertainty (2007),
flows are discounted to the present for 4. The application is not difficult or different futures. Penning-
comparisons of the present and future 5. CBA is used with other approaches so that the 4. No future learning and irreversible decisions Rowsell et al.
values of the options. method of CBA is complementary 5. The single most-likely future may be also (2014)
subjective to analysts
Robust RDM evaluates the performance of options | 1. The performance of a selected option meets the 1. It is complicated and expensive to assess Lempert et
Decision under various plausible futures. The defined criteria under plausible futures options over a number of plausible futures al.(2007),
Making uncertainty of the future is considered by 2. RDM is a systematic approach to ensure the 2. The decision is robust only for futures Hall et
(RDM) assuming the various future states. The selected options are immune to uncertainty assumed by decision-makers. al.(2012)
performance of the adaptation option is 3. The approach is useful when future 3. Decisions may differ depending on the
traded off with the less sensitivity to the uncertainties are poorly characterised criteria of the option performance and the
future when the option is selected. 4. The robust option performs well over a wide views of analysts towards the futures
range of scenario futures 4. It is difficult to adjust a decision when the
unexpected future is realized
Adaptive A sequence of adaptation measures 1. This strategy is, as a whole, robust against all 1. The method of economic appraisal within the Hallegatte
Management | provides a robust strategy as a whole the possible futures framework of AM is less developed (2009),
(AM) or against all the possible future scenarios. 2. It includes future management strategies 2. Planning adaptive strategies is complex Haasnoot et al.
Adaptation The adaptation pathways consist of against the uncertainty of future 3. It may lead to maladaptation if thresholds (2013),
Pathways predetermined multiple interventions, 3. The strategy is flexible so that it can avoid to trigger options are too high Ranger et
Approach critical thresholds and decision paths to irreversible or sunken investments 4. The strategy may be highly subject to al.(2013),
cope with varying future risks. 4. Future learning and observation are key decision-makers’ attitudes towards risk Nicholls et al.
elements for this approach 5. Costs at the outset are high due to future (2015)
5. It helps implement options at the right time extension
Real Options | The core character of ROA is to evaluate 1. Flexibility (e.g. wait or future extension) is 1. It is complicated to apply ROA to real Dixit and
Analysis flexible options under uncertainty. This included in investment decisions engineering issues Pindyck (1994),
(ROA) approach assumes possible future states 2. It is a systematic approach to evaluating options 2. Itis less developed in adaptation issues De Neufville
to which the probabilities are assigned by and flexibility under uncertainty 3. It is hard to define future states (2003),
experts’ judgements. The option may be 3. It is useful when considering the investment 4. 1t may lead to maladaptation when an option Woodward et
implemented or not in response to the timing or adjustment of investment in stages is delayed to the long distant future al. (2014),
future state. This flexibility is assessed in 4. The value of flexible option is achieved by 5. ROA requires additional costs for flexibility Hino and Hall
the framework of option evaluation. future learning and actions so that the future 6. Flood events may trigger adaptation actions (2017)

actions can be estimated in this framework

rather than the results of ROA in the real world
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Table 2.5 The assessment of the decision-making approaches according to various aspects in addressing uncertainty

Approaches

Cost-Benefit Analysis

Robust Decision Making

Adaptive Management

Real Options Analysis

Robustness of options
against uncertain futures

Very low

High

Very High

High

Understanding of futures

Deterministic
with no future learning

Probabilistic
with no future learning

Deterministic
with future learning

Probabilistic
with future learning

Economic efficiency under
uncertainty

Low

Medium

Medium

High

The possibility of sunk
investment (if expected
future are not realized)

The investment may result in over-
or under-estimation

The investment may result in over-
or under-estimation under different
futures. However, such possibility
has already been considered in the
decision

Only the spending for flexibility may
be sunk, but the proper amount of
payment on the flexibility needs to
be evaluated.

Only the spending for flexibility may
be sunken, but the proper amount
of spending has already been
evaluated in option evaluation

Way to manage the risk of
climate change

An option that performs well under
a single likely future is selected

Candidate options are assessed
under all possible futures, but this
method compromises the
performance of options

A portfolio of options are made up
to cover all the future states and
the options will be implement in
response to the future states

A set of options are made against
predefined futures and the options
will be implemented in response to
the future states

Attitudes towards flood risk

Neutral

Aversion

Aversion

Neutral

Optimality or robustness of
options to future

Optimal only to the most likely
future

Robust to a set of assumed futures

Robust to all the possible futures

Robust and optimal to all the
possible futures

Quantification of flexibility

No

No

No

Yes

Flexibility of options

No

No

Yes

Yes

Attitudes towards the
futures

The most likely future is subject to
decision makers views or interests.
Selected options are highly likely to
be subjective to the worldview of
decision-makers.

All the plausible futures are consid-
ered by decision-makers. Decisions
are also likely to be subject to the
agreed views by decision-makers
towards the future or risk.

All the possible range of futures are
considered as well-defined
scenarios by experts for option
selection

Experts consider all the possible
futures. However, the probabilities
of the future states are, though,
consequently subject to expert’s
views.

Decision-making process

Economic evaluation of options in
the most-likely future

Iterative process of option
evaluations for all the possible futures

Scenario-based and decision centric
approach

Evaluation of flexible options under
the probability-weighted futures

Implementation timing

Now

At a defined specific time

Depending on the future

Depending on the future

Additional actions after
decisions

Nothing

Nothing

Observations and future learning

Observations and future learning
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2.4 Principle and characteristics of Real Options Analysis (ROA)

2.4.1 Natures and types of real options

As aforementioned, flexibility is an essential element of real options analysis (Dobes, 2010).
The types of real options can be subsequently defined by how or where to incorporate
flexibility in association with options that we consider under uncertainty (Park, 2002; De
Neufville, 2003). For instance, how to make our designs or systems more flexible to
uncertain future conditions may be of a primary interest to engineering designs or physical
systems (De Neufville, 2003). Designing a wider base, or buying adjacent lands for the future
upgrade of coastal defences against climate change, is a good example of real options (Dobes,
2010).

This type of real option is classified as real option ‘in’ system because the flexibility should
be planned or designed in options or strategies at the outset (De Neufville, 2003; Wang and
De Neufville, 2005; Woodward et al., 2014). This type of adaptation option needs additional
cost for flexibility to be maintained in itself (Woodward et al., 2014; Hino and Hall, 2017).
On the other hand, stakeholders or decision-makers in financial markets seek to pursue the
best benefit from investment under uncertainty (De Neufville, 2003). Their main concerns are
on when the investment should be triggered, given, for example, the fluctuation of stock or
energy price. They can use flexibility for deferring the investment to the best timing in the
future. This type of real option is called real option ‘on’ system because the flexibility of wait
or deferral can be added onto the option without any internal adjustment to the original option
(De Neufville, 2003; Wang and De Neufville, 2005). Thus, the analysis of real options ‘on’

system relates to investment timing under uncertainty.

These different types of flexibilities need to be explored in association with the uncertainty of
climate change and, in particular, sea-level rise as the uncertainty of climate change is
fundamentally different from that of the price of commaodities or stocks. The uncertainties in
climate change occur in a longer-term timescale than in financial markets and they are
represented by various scenarios, provided by the narratives of the future climates and
scientific modelling. The objectives and characteristics of real options analysis are compared

between financial markets and physical systems in Table 2.6.
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Table 2.6 Comparison of real options analysis between physical (or engineering) systems and
financial options (De Neufville, 2003)

Areas Physical systems Financial markets
Objective of analysis Go or not Return on investment
Accuracy of data Low High

Future state of physical Market price of assets or
What to observe o phy P

conditions products

Depending on how to include flexibility in options, option holders can create the various
forms of real options: (1) invest now (2) wait (3) grow (or shrink) or (4) do nothing (Park,
2002). For example, decision-makers can either defer an option to a date when more
information is available, or launch an option at the start (Park, 2012: p.731-737). In some
cases, decision-makers are more willing to partly invest in an option at the outset due to
limitation to available resources, or constrained budgets, so that such decisions may leave the
remaining part for the future decision. How such a flexibility applies to investment decisions
depends on how decision-makers or risk-analysts will manage uncertainty and allocate the
investment cost over the life of a project (Dixit and Pindyck, 1994; Woodward et al., 2010;
Jeuland and Whittington, 2014). The types of real options are arranged in the order of the
degree of ‘reversibility’ and ‘adaptability to climate change’. Figures 2.3 and 2.4 show

typical examples of real options according to the degree of flexibility/reversibility.

Do nothing » Option to wait Option to

option implement

Figure 2.3 Types of real options in order of reversibility
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Future extreme water level

A

Sea-level rise

~~
Current extreme water Ievel/ oastal defence Coastal defence

(a) Do-nothing option
Future extreme water level

= =

Current extreme water Ievel/ Coastal defence

A single deferrable option

A

Sea-level rise

Coastal defence

(b) Option to wait

Future extreme water level The second phase

/ investment

The first phase
investment

A

Sea-level rise

Current extreme water Ievel/ Coastal defence | Coastal defence

(c) Option to grow

Future extreme water level

A

A single large investment
made at once

A <

Sea-level rise

~ >
Current extreme water Ievel/ Coastal defence Coastal defence

(d) Option to invest now

Figure 2.4 Examples of real options for the case of coastal defences: (a) Do nothing option; (b)
Option to wait; (c) Option to grow; and (d) Option to implement — The coastal defences have
been upgraded according to sea-level rise - The dash-lined coastal defence is the upgrade
scheme whereas the solid-lined coastal defence means the upgraded defence.

The terms of real options differ depending on how to include flexibility in options. The

common types of real options are detailed as follows (See Figure 2.4).

(1) Option to do nothing is defined as a baseline scenario to describe the current state of

defence condition. It is the least adaptive option to the risk of coastal flooding and

climate change among all the possible options. This option incurs no capital cost of
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upgrading coastal defence but the cost of maintenance and monitoring. Note that the
cost of maintenance and monitoring is all the same with other options. This option can
be considered as maladaptation in the growing risk of coastal flooding. However,
there is no possibility that the investment is sunk in the future.

(2) Option to wait describes a state that an option is ready to go against the future risk,
but it is held until more information is available. This type of option appears similar to
‘do nothing option’ at the outset. However, it aims to explicitly address the certain
level of the future risk. The option to wait is to keep observing and learning about the
future in order to take an action timely. This can be a case where the design of
upgrading coastal defence has been completed, but the implementation is held due to
the future uncertainty. Thus, the ‘option to wait’ is more adaptable to the future risk of
coastal flooding than the ‘option to do nothing’. An important issue on an option to

wait is investment timing (Dixit and Pindyck, 1994).

(3) Option to grow is sequential or multiple-stage investments in practice (Dixit and

Pindyck, 1994). It refers to a state that an initial investment has been made in the first
stage, and the remaining parts of the investment are held until more information is
available. Subsequently, the option to grow includes a component of option to wait as
an additional decision. The implementation of the remaining parts also depends on the
future states. If necessary, the rest of the option will be implemented in the future.
Otherwise, it will be abandoned (Dixit and Pindyck, 1994).

(4) Option to shrink is similar to ‘option to grow’. Both use flexibility to adjust/modify

statregies or plans in the future. However, it is designed to enable decision-makers to
contract the excessive capacity of an option in the future. For example, decision-
makers can develop an airport larger than its required capacity for increasing use in
the future. If its capacity to manage the extra number of passegeners or airplanes turns
out to be redundant, this additional capacity can be switched to other uses or purposes
(i.e. accommodation, business, commercial areas, etc.) (Dobes, 2010). In climate
change adaption literature, an excessive investment cannot be found with future

shrinkage in mind. However, it is less reversible than the option to grow as a huge
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amount of money is excessively spent on the redundunt part of the adaptation.

Sometimes, this decision may cause a criticism of over-investment or adaptation.

(5) Option to invest now is the same as a traditional option made on a now-or-never basis.

As the option is based upon the most-likely future, this type of decision is
deterministic, comparing to other types of real options (Dixit and Pindyck, 1994).
Thus, the option to invest now is the most irreversible to the uncertainty of futures
unless the most-likely future occurs in the future (ibid). However, this option may be
more appropriate than the option to wait, or do nothing, where the flood risk is
explicitly high. Most decisions implemented now can be classified under this type of

option.

The concept of real options explained can be applied for climate change adapatation to
address the risk of future climate change, as well as to avoid sunk investment (Dobes, 2010;
Linquiti and Vonortas, 2012; Woodward et al., 2014). Thus, the focus of real options analysis
should be on how to better incorporate flexibility into investment decisions and how to
quantitatively evaluate real options in the context of the rising risk of coastal flooding. The
next section explains the principles and methods of evaluating real options under the

uncertainty of future prices or profits.

2.4.2 Basic principles of evaluating real options

The value of flexibility incorporated in real options can be clearly understood by considering
a simple case where uncertainty lasts over only two periods. If a price or annual profit is
expected either to go up or down after 5 years, investing in 5 years can be a better option to
reduce the impact of uncertainty on project values. To assess such flexibility, a price or
annual profit is assumed to go up or down in 5 years with its probability of p or q,
respectively. This simple case also assumes that change in the price or profit occurs once and,
then, becomes constant after 5 years. Figure 2.5 illustrates how the price changes over the

two periods.
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——— Pg,=2,500 —> P,,=2,500 ——  Piye=2,500
p=0.5

P, = 2,000

q=0.5

- Pgg=1,500 —> P;4=1,500 ——  Pyggq= 1,500

* P15 = Price for the first 5 years, Piy, Pia = Upward or downward price at year i, respectively

Figure 2.5 Example of option valuation for change in price over two periods (unit: £ K)

In a standard cost-benefit analysis, net present value (NPV) can be simply evaluated as
below. For convenience, the discount rate is assumed to be 10 % during the life of the project.

The investment cost is £ 20 million and has to be made at t=0.

100 (P ) 100 (2 000)
NPV =V, — I = ° —1=Z . — 20,000
0 i (1+1)t £ (LD} @

= 19,998 — 20,000 = —£2 (K)

Where, V, : present value of the project
[ :investment cost
r : discount rate (= 10%)

In real options analysis, the uncertainty on the price (P1) after 5 years can be considered in the
option evaluation. Suppose that option holders withhold the option till t = Ts (= 5 yrs). If the
value of P1 goes up to £ 2.5 million after 5 years, the investment will be made with £20
million spent in year Ts. However, if the value goes down (P1 = £ 1.5 million), the investment
will not be made at year 5 (Ts). In this regard, the option to wait gives a different NPV than
when calculated in the standard cost-benefit analysis. In the perspective of a standard cost-
benefit analysis, the price P is just the aggregation of the probability-weighted prices (i.e. P1
= P1uxqu + P1,gxqa = £ 2 M). The real option value for the option to wait is computed using
the cost-benefit analysis as if the option is deferred to time Tsas below. The calculation of

real option value (ROV) is as below
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105 105
— (Pl,u) I (Pl'd) !
ROV = (q), * <t=6 G+ a+ r)5> +(@)a * <t=6 A+rt A+ r)s) ©)

105

s 105 (2,500) 20,000 05 x 0) .
. L (1+0.1)t (1+4+0.1)5 . L 1+ 0.1 (no invest)

0.5 x (15,521 — 12,418) + 0.5 x (0) = £1,551 K

Where, (q),: the probability of the price going up
(q) 4: the probability of the price going down
(Py,,) @ an upward price from Ts

(Py,4) : adownward price from Ts

As seen in equation (5), the second term of the option value at the downward price P14 is
zero, because no investor will launch the project in this case. As the investment is not made at
this downward value of P1 = £1.5 (million), there will be no benefit in this case. If the

investment is made with the declining value P14 of £1.5 (million), the NPV in the second

term will be -£ 3.15 million (=npv = (31 50— 2080, As such flexibility enables us to

£=6 (1+0.1)  (1+0.1)5
avoid the undesirable investment at the downward price, the real option value we have
obtained here is higher than a standard NPV. This means that an initially worthless option can
now be worth investing in the future if there is the possibility of price or profit going up in
the future (Dixit and Pindyck, 1994). Therefore, the result of real options analysis suggests
that such flexibility needs to be considered in option evaluation.

This example is the simplest case of real options analysis where change in price or annual
profit occurs only once over the two periods. In practice, change in price or annual profit
occurs in a more complicated way. For example, stocks or energy prices in financial markets,
or sea-levels or global warming in physical systems continuously change over time with a
large uncertainty. Nevertheless, the two-period uncertainty is a useful example because it

gives an insight of how uncertainty affects option values.

With analogy to this simple case, it can be inferred that the real options analysis consists of
two parts: (1) how to model changes in uncertain variables; and (2) how to calculate option
values when the option is deferred to the future. The former part relates to ‘stochastic
process’, which defines uncertain variables that randomly evolve over time in part or fully

(Dixit and Pindyck, 1994). Discrete-time random walk (sometimes referred to as Binomial
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Lattice), Geometric Brownian motion, Mean-reverting process or Jump process are examples
of stochastic processes which describe the random movement of variables over time. The
latter part relates to evaluating options including flexibility. As investigated in the two-period
case, this thesis estimates option values when the investment is postponed to the future. The
ability to defer options allows option holders to see the future prices after 5 years so that they
can make more informed decision to avoid the sunken investment. The principle of stochastic
processes and option valuations will be further investigated for the application of real options
analysis for the case of coastal flooding and sea-level rise.

2.5 Option evaluation methods for real options

Dynamic programming developed by Bellman (1952) is a commonly used numerical
approach in real options analysis. It is a stepwise approach to optimise investment during a
planning horizon by comparing ‘option to wait’ and ‘option to invest’ at every time step
(Dixit and Pindyck, 1994, p. 93). The principle is explicit and straightforward to understand
for real options analysis. This approach explicitly gives an investment rule in regard to
investment timing. If the value of wait is higher than the value of investment at any time, this
implies that the wait is preferred to the investment at the time and the option should be
deferred to the next year. Otherwise, it is better to invest in the option at this year. This
comparison process continues every time step (= year) during the time horizon. This process
starts from the end of the time horizon by a backward induction (Bellman, 1953). The
dynamic programming has now become more powerful in evaluating real option value due to
advances in computational technologies (Dixit and Pindyck, 1994; Linquiti and VVonortas,
2011; Woodward et al., 2014).

The alternative is contingent claims approach, which is based on a financial theory to
construct risk-free assets to hedge the risk of a project or investment against uncertain prices
of stocks or commodities (Black and Scholes, 1973; Merton, 1971, 1973). This method is
more appropriate to evaluating financial options than physical or engineering issues (Dixit
and Pindyck, 1994) because this approach defines a risk-free interest rate for capital assets
and their portfolios. Thus, this thesis focuses on the Bellman’s approach (dynamic approach)
for option evaluations rather than the contingent claims approach. Further information about
the evaluation methods can be found in Dixit and Pindyck (1994, P.114-119).
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2.5.1 Dynamic programming for two periods (or Binominal lattice approach)

Let Po denote an expected profit at the year 0 with the uncertainty of its price going up or
down in the next year. The two-period case assumes that, after the expected profit (P)
changes between year 0 and year 1, it remains constant in perpetuity, and that the duration of
the project tends to infinity. The variation in the expected profit is represented using the

probabilities of upward and downward movements of the price as below (Figure 2.6).
Pyt (1 + u)Py with probability q
P, (6)

P; 4: (1 — d)P, with probability 1 — q

Here, P, ,, and P, 4 are the upward and downward prices at year 1, respectively, u and d are
the upward and downward factors of the price, respectively, g and 1 — q are the probabilities

of the price going up and down, respectively and P, is the price at year 0.

PLu=(1#u)Pg ——> Py — > Py, —> > Py = (1+u)Pg

Pru=(14d)Pg ———> Py — > Py — - —— Py =(1+u)P

Figure 2.6 Changes in an expected annual profit (P) with the probabilities (g and 1-q) of the

upward and downward movement of the profit

If we multiply the project value of upward and downward profits (P, ,, P; 4) With the
corresponding probabilities, respectively, we can estimate the present value of the project

value Vo using a constant discount rate r as below.

V"‘P”E(H TR )Z(1+r)l

V, = P, +q(1+wP, Z(1+ St A— -, Z(1+ 5

_[M+r+qu+d)—d]R,
r
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If the project value V,, at year 0 is higher than the investment cost I, the investment will be
made with the net payoff of V, — I. Otherwise, the investment needs to be abandoned and
subsequently, the net payoff will be zero. Using a max operator, we can represent the net

payoff of the project (2,) as follow.
Ny, = max[V, —I,0] )

Then, let us assume that the investment is held for the next year 1. That is, this decision is an

option to wait. The present value of the project at the year 1 is

P P Pi(1+r
L S SR O )
1+r (1+71)? r

V1= Pl

In much the same way, the decision at year 1 will be made with the investment cost I if the
net payoff V; is larger than the investment cost | (=V; > I). Otherwise, no investment will
occur at year 1. Thus, the expected net payoff at year 1 is represented using a max operator in
equation (8)

F, = Max[V; —1,0] (8)

This value F1 is called a continuation value because the value can exist only when the option
is alive till year 1. If the investment is made in year 0, this value will not occur at the next
year. From the perspective at the time 0, the expected profit of Pz is a random variable. Its
profit may go up or down by uPo or dPo, respectively. Therefore, F1 and V1 are random
variables from the perspective at the time 0. Therefore, the expected value of F1 is expressed

as below.

1471 1+r
r r

Eo[Fi] = qmax |(1 +u)P, -1, 0] + (1 — g) max [(1 —d)P,

-l @

Equation (9) is referred to as the expectation of a continuation value with the uncertainty of
the possible net payoff at the year 1 weighted by the corresponding probabilities. E, denotes
an expectation from year 0 towards a future option value. Thus, E,[F;] implies an expected
option value in year 1 from the perspective of year 0. Back to the year 0, we can combine the
continuation value (8) with the net payoff (7) from investment at year 0. This is a more

general form indicating an optimal investment rule regarding an option to wait for two-time
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period case. The equation (10) denotes this value by Fo

Fo = max |V = £, = Eo[F] (10)

1+r
Here, F, is an option value either to wait or to invest at year 0, V, is the present value of the
investment at year 0, | is the investment cost, r is a discount rate, which is assumed to be
constant, and F; is an option value at year 1. The discounting factor 1/(1+r) deflates E,[F; ] to

year 0, so that it can be compared to (V, — I).

The optimal decision is one that maximises option value (Fo) in equation (10). If the first term
is higher than the second term, the option is better to implement with Fo to be V, — I.
Otherwise, the best option is to wait with Fo expected to be 1/(1 + r) X Ey[F;]. In equation
(7), the value £2, only comes up when the option is implemented at year 0. That is, the
implementation of the option closes all the decision processes at year 0. For this reason, it is
called a termination value, which is also used as a boundary condition in dynamic
programming. This is a basic idea of dynamic programming for the simplest case with
uncertainty lasting over two periods. This calculation can be extended to more complicated

cases such as many-time periods or continuous time.

2.5.2 Dynamic programming for many periods

The binominal lattice approach can be extended to a more general case. Let x denote the
current value of a state variable at time t — which is a price or profit at time t. From the
perspective of time t, x: is a known variable, but xt+1 and xt+2 are unknown random variables.
Let u: denote control variable representing the state of a decision on whether to invest now or
wait at time t. That is, a control variable, u; has either O for a wait, or 1 for an implementation
in application of investment decisions. The state variable x represents a current state or value
affecting the operation and expansion of an investment opportunity whereas the control
variable u is related to the matter of investors’ choice on whether to go or not with the current

state given to the investors.

In the many-periods case, the investment decision is determined by the combination of the
state variable x and control variable u at time t. Let us suppose a price resulting from a
decision at time t is P.(x;, u;). The value of the project at time t can be given by the price and

continuation value in a similar way as done in binomial lattice approach for the two-period
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case (Dixit and Pindyck, 1994).

Fe(x;) = max {Pt(xt» u) + %—FT‘E’: [Ft+1(xt+1)]} (11)
Here, F;(x;) is the expected net present value of an option with state variable x; at time t,

P, (x;,u;) is a price by a state and control variable (x;, u;) at time t, r is discount rate
between the two periods and F;,; (x;1) is the expected net present value of an option with
state variable x,,; at time t+1. As F;;(x;41) is a random variable from the perspective of
time t, it is, thus, written as E;[F; 1 (x:+1)], which implies the expected option value of time
t+1 from time t. Thus, the expected net present value (F;(x;) ) of an option can be defined by

the sum of all the streams of profits and costs during the project life in equation (12) and (13).

L+t

P
Fe(x;) = z (1_{_—;)14 (invest at time t) (12)
i=t
1 3
Fo(x,) = T+ Fro1(Xeyq1) (defer totimet+1) (13)

This equation (11) is called the ‘Bellman’s equation’ or ‘fundamental equation of optimality’
(Bellman, 1952; Bellman, 1957; Bellman and Cooke, 1963; Dixit and Pindyck, 1994;
Pindyck, 2000). This Bellman’s equation provides an explanation of ‘Bellman’s principle of

optimality’:

“An optimal policy has the property that, whatever the initial action is, the remaining
choices constitute an optimal policy with respect to the sub-problem starting at the

state that results from the initial actions (Bellman, 1957)”.

This statement is implicitly included in the principle of real options analysis because real
option values depend on the remaining choice either to invest, or wait, with the expected
project value in the next year given to option holders. If we do not have any flexibility in our
options, we will not have any remaining choices that can optimise our already-made

decisions against undesirable futures. Thus, according to the Bellman’s principle of
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optimality, flexibility in options provides an opportunity to optimise sub-problems that may
occur in the future. The first term in max operator in equation (11) clearly shows how such
flexibility is considered in option evaluation. If the investment is deferred to the end of the
time horizon (T), the equation will have a termination payoff 2, as a boundary value. The
Bellman’s equation at time T is written for time T-1 as below (Dixit and Pindyck, 1994, p.
101).

1
Fr_1(xr—q) = g;fi)f{n(xT—lfuT—l) + 1—+TET—1[-QT(xT)]} (14)

From the time T, we can work backwards to solve Bellman’s equation. This process to

calculate the option value becomes more usable due to advances in computational techniques.

2.5.3 Stochastic differential equation for continuous time

The Bellman’s equation shown in equation (11) can be expressed as a continuous form in the
limit where At goes to zero. The rewritten form of Bellman’s equation for continuous time is

as below (Dixit and Pindyck, 1994, p.105).

rF(x,t) = max {P(x, u,t) + %E[dF]} (15)

Here, F(x, t): an option value dependent on state variable x and control variable u
éE[dF]: a rate of expectation of dF

r: a discount rate per unit time

P(x,u,t): aprice per unit time

On the right side of this equation (15), the expectation of E[dF (= F,.4 — F,)] depends on the
current information on state variable x and control variable u at time t as explained in the case
of many periods. That is, the option value F,, 4, at time t+dt is determined by the expectation
on the future state variable xt+q4t whereas the option value F, at time t is determined by the

current state variable x;and control variable u;. However, as the future state variable X¢+qt iS
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random variable from the point of view at time t, F;, 4;iS also a random variable. Thus, the
expectation of dF should be defined in association with the stochastic process of the state

variable x.

Ito process is used to represent the change (dF) in the value of F during dt (Cox and Miller,
1965; Merton, 1971; Chow, 1979). It is well known as a convenient method to calculate an
investment opportunity or option value (F), depending on random variables X, by using
Taylor series expansions and Brownian motion. This mathematical approach enables solving
a differential equation with high order terms in more convenient ways. Generalized

Geometric Brownian motion is defined as below by any functions of a(x, t) and b(x, t).
dx = a(x,t)dt + b(x,t)dz (16)
Here, x: state variable such as stock price

a(x,t),b(x,t): any functions of x and t

dz: a Weiner process (dz? = dt for Brownian motion)

Since (dx)? has a simple form by ignoring the higher order terms which goes faster to 0 than

dt, we can have an option value (F) by using Taylor Series Expansion as below

(dx)? = a?(x,t)(dt)? + 2 a(x, t)b(x, t) (dt)3/? + b?(x, t)dt

~ (dx)? = b?(x,t)dt (17)
dF = aFd + ath+1aZF d 2+163F dx)3® +
T T Bt 2 9x2 (4X)" F g 553 (4X)

As previously done, if the higher order of terms is ignored, change in option value dF is

dF_aFd aFd 10%F dx)?
—a— X+E t+§ﬁ( X) (18)
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We can gain the expression of Ito’s Lemma by combining two equations (17) and (18) for dx

dF = oF oF 1b2 t o°F dt + b(x,t aFd
= E+a(x,t)a+§ (x, )ﬁ +b(x, )a t (19)

In equation (15), if we decide to wait at time t, there will be no profit (P, = 0) during dt.

Therefore, Bellman’s equation can be expressed as below.

1
rF(x,t) = —E[dF] (20)

By substituting E[dF] by equation (19), we can have

0%F oF

F( t)—aF+ ( t)aF+1b2( t) + b(x,t)
rrnt) = g rax et ga th e (21)

By solving the differential equation (21), we can estimate option value F in respect to
variable x and time t. For any variable x and time t, there are always two possible decisions
for the optimal investment as long as an option is alive: continuation (waiting) and
termination decision (investing). If x* is denoted by a critical value that divides space (x, t)
into continuation and termination regions, we can estimate option values by various boundary
conditions (Dixit and Pindyck p.79, 1994). As sea level is stochastically rising over time (t)
with uncertainty, the stochastic differential equation (21) can be considered as one of models
to describe changes in option value (F) of any investment in adaptation options. This will be

investigated later in Chapters 4 and 5 in association with the investment timing.
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2.5.4 Stochastic differential equation for European options

The previous sections have investigated evaluation methods for real options which can be
implemented at any time. This type of option that option holders can exercise at any time is
called American-style options in the literature of real options analysis (Park, 2002; Wang and
Caflisch, 2009). On the contrary to this, option holders can make a contract to allow options
to be exercised at a specific date, which is referred to as maturity (T). This type of option is

called European-style option in the literature of real options analysis (Cooper, 1999).

The relevant terms regarding European-style option are defined as below.
e Call option (C): a right to buy assets at a specific price at a specific time
e Put option (P): aright to sell assets at a specific price at a specific time
e Strike price (K): a specific price at which option holders can sell or buy the assets

e Maturity (T): a period within which option holders can exercise call or put option

The Black Scholes model is an option evaluation model for financial instruments such as call
or put options under the uncertainty of the price of the underlying assets (Black and Scholes,
1973; Cooper, 1999; Park, 2002). This option pricing model is commonly used in evaluating
financial options (call or put options) (Park, 2002).

Call or put options have effects on profits that option holders might have at the maturity.
They give the option holders a right, but not an obligation, to buy or sell stocks at a strike
price (K) (Black and Scholes, 1973). Regardless of the uncertainty of the price of stocks, the
option holders can hedge the investment against the risk of the stock price fluctuation by

holding put or call options.

A call option with a strike price (K) allows option holders to defer buying stocks whose
future price is uncertain from the perspectives of the present. By exercising the call option at
the expiration date, the option holders can purchase a certain amount of stocks at the agreed
price from the counterpart contractors of the call option, if the price per stock is higher than
the strike price. Otherwise, the loss of the option holders is only a payment for the call option.
In this way, the option holders can reduce the risk of the investment from the future
uncertainty. The characteristics of European-style options (i.e. Black —Scholes model) and

American-style options are compared in Table 2.7.
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Table 2.7 Comparisons of stochastic differential equations between European-style options

and American-style options in real options analysis

Option types European-style options American-style options
6V+1 25262V+ Sav V=0 6F+1 2262F+ oF F=0
—+ -0 S +aS—=—-1rV = —+ o x*z—+ax——rF =
at = 2 as? as at 2 dx? Ox
Here, Here,
Governing V: the pr.ice of a call option at year t F: the value of an investment deferred
equation S: the price of stock toyeart
q a: the drift parameter of stock price x: expected annual profit or price from
o: the variance parameter of stock price the investment
r: a risk-free interest rate a: the drift parameter of annual benefit
o: the variance parameter of annual benefit
r: a discount rate
Hedging Call options and observation of stock price Wait and obseryatlon of prlce or profit
method during the wait

Uncertainty
Modelling

Geometric Brownian motion for stock
price (dS = aSdt + 05dz)

Geometric Brownian motion for expected
annual price or profit
(dx = axdt + oxdz)

Result of
option analysis

The present price (V) of the call option
with strike price at the expiry date

The net present value (NPV) of the
investment option at the investment time

C(Su,t) = N(dy)S; — N(dz)Ke_r(T_t)

F; = max|Foys, Fuve)

1 S¢ o’ Fage = PVp—1
d, = In(—)+ r+—|(T-1t) ext et
oVT —t K 2
d2=d1—O'/T—t Fyr = 1+n ><1\/1‘13C[Fex,t+1'Fw,t+1]
The price of Here, Here,
option C(S,,t) : the price of call option at year t Fi : the value of option to wait at year
S,: the price of stock at year t Fex ¢ : @ termination value when invested at year t
N(d): a standard normal cumulative distribution Fy,¢: @ continuation value when deferred at year t
. 1 d 2 PV, : project value when invested at year t
function (=— [~ e7z dz) .
J; —o I; : investment cost at year t
T: the maturity of call option, expiry date r: discount rate
K: the strike price of call option
When the call or put option price reaches .
Investment P . P P When NPV reaches a maximum value
time maximum
Option ) )
evaluation Black-Scholes model Dynamic programming (or Bellman’s
(Black and Scholes, 1973) equation) (Dixit and Pindyck, 1994)
Method

The stochastic differential equation for a European style option, or for an American style

option, needs to be approached in different ways. The Black-Scholes model can be applied

only for European call or put options. Thus, it is not proper to apply this model where climate

change adaptation can be implemented at any time. However, as Black-Scholes model is a
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formulised approach to estimate the value of a call or put option, the use of Black-Scholes
model is very convenient where the strike price (K) of the call or put option is fixed at the
expiry date (T). Instead, in order to apply it for climate change adaptation, a call or put option
needs to be devised to hedge the investment risk of adaptation measures under the uncertainty
of climate change. One study has been found to use Black-Scholes model for the estimation

of water cost with or without storage in severe drought (Sturm et al., 2017).

On the other hand, the stochastic differential equation for American style option is applicable
where an adaptation measure needs to be implemented at any time under uncertainty. Thus,

the approach to American style options is appropriate to the purpose of this thesis.

However, one of critical tasks is that it needs to define stochastic variable (x) by which the
option value (F) of an adaptation measure continuously changes. As an example of a
stochastic differential equation in Table 2.7, we have defined stochastic variable (x) to be
Geometric Brownian motion. However, it is, in practice, difficult to assume that the
stochastic variable (x) - that is affected by the severity of coastal flooding or sea-level rise in
this thesis — follows Geometric Brownian motion. In addition, it is also hard to directly solve
the stochastic differential equation. In this regard, the thesis suggests Bellman’s dynamic
programming approach to find a maximum option value (F) and a critical variable (x) for
climate change adaptation. The adjustment of Bellman’s dynamic programming approach
will be considered later in association with coastal flooding and sea-level rise in the following
chapters 4.

2.6 Real options analysis in climate change adaptation

2.6.1 Issues of real options in association with climate change adaptation

Real options analysis has recently been highlighted in a wide variety of engineering and
environmental problems such as coastal flooding, dam planning, water resource and water
quality management (De Nefville, 2004; Dobes, 2010; Linquiti and VVonortas, 2012; Jeuland
and Whittington, 2014; Woodward et al., 2014). Most of the studies commonly seek to find
robust and optimal solutions or strategies against the uncertain futures of climate change. The
optimality has been achieved by estimating the performance of candidate adaptation
measures, while the robustness has been improved by allowing the selected adaptation

measure to be deferred until information becomes more certain.
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As reviewed in the previous sections, some issues are identified in application of real options
analysis in climate change adaptation. Firstly, real options analysis needs to define the
probabilities of prices going up and down in the investment decisions (Refer to Section
2.5.1). Apart from that, a question arises as to what factor (e.g. sea-level rise or flood
damage) in climate change adaptation corresponds to prices in financial investment. This

question is more substantial when modelling the uncertainty of climate change.

Secondly, uncertainties come from different sources in climate change adaptation. We have
investigated the types and characteristics of uncertainties in climate change (Section 2.2). To
apply the real-options approach in climate change adaptation, we need to analyse and
structure the various types of uncertainties in the framework of real options analysis. This
thesis views sea-level rise as a main driver to cause uncertainty issues in investment
decisions. In the context of research-setting, a new and integrated framework is needed to

enable the incorporation of uncertainty in option evaluations.

Thirdly, IPCC and UKCP 09 data provide sea-level rise projections and probabilistic ranges
for each sea-level rise scenario. In each SLR scenario, the projected magnitudes and rates of
sea-level rise have large uncertainty, which, thus, is expressed by Bayesian probability to
describe the confidence level of the sea-level rise projection. Apart from that, UKCP 09 and
IPCC data provides separate sea-level rise scenarios corresponding to different emission
scenarios. In this regard, defining the probabilities of future states of sea-level rise needs to
be further investigated in association to applying the framework of real options analysis for

climate change.

Lastly, most uncertainty sources are attributable to climate change models, data errors and
inputs, natural variability and the lack of knowledge on future climates. As all these
uncertainties have influence on flood damages, the investment decisions should be made
upon the consideration of all the uncertainties. Consequently, this requires an integrated
assessment process to connect between uncertain climatic variables and the performances of
an adaptation option. This needs a more complicated process in engineering or physical
systems than in financial systems because the performance of an adaptation option is
monetised for valuation. With these issues in mind, this thesis has investigated the previous

studies of real options analysis in climate change adaptation.
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2.6.2 The reviews of the previous real options analysis in flood risk management

A recent study has evaluated a set of sequential options that upgrade coastal defences over
time in the Thames Estuary under various scenarios of sea-level rise using real options
analysis (Woodward et al., 2014). The research shows how flexibility can be incorporated in
the design of coastal defence at the outset as well as how the upgrade plan for coastal
defence, following real options approach, can be evaluated under a set of plausible futures.
The upgrade of the coastal defence was divided into the first and the second phase options
over two periods. After implementing the first-phase option, the implementation of the
second phase option depends on whether sea-level rise reaches the pre-defined threshold

value or not.

This research also estimated the probabilities of two possible cases where the predefined
threshold of sea-level is exceeded or not by UKCP 09 data. Each path of sequential options
(for example, option A—B or option A—C in Figure 2.7) that will be selected in response to
each future state is evaluated by cost-benefit analysis. By aggregating all the NPVs weighted
by the corresponding probabilities, it provides an option value of the flexible strategy
consisting of a set of the sequential options against the assumed future states.

Future

Options s . Net Present Value Real Options Value
cenarios
Option B Scenario 1 (NPVA+NPVg)gcet
(NPVA+NPVB)sce1x (p)scM
Option A +
(NPVA+NPVC)sce2x (p)scez
Option C Scenario 2 (NPVA+NPV g en
Scenario 1 (NPVgase)scer
(NPVBASE)scM x (p)scM
Option Base *
(NPVBASE)sceZ X (p)scez
Scenario 2 (NPVaase)scez

Figure 2.7 Concepts of evaluating real options under possible future scenarios (Here, NPVi:
net present value of option i, (p)sce i : the probability of scenario i)

The real option value has been compared to the value of a baseline option implemented
without flexibility. Most real options analyses in climate change adaptation or flood risk
management follow this approach. It is well demonstrated that a set of sequential options,
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allowing future growth or adjustment against uncertain futures, are more robust than the
conventional option excluding flexibility in economic terms (Linquiti and VVonortas, 2012;
Woodward et al., 2014; Hino and Hall, 2017). Even though a set of sequential flexible
options are more costly than a conventional (non-flexible) option, the studies show that the
net present values of such sequential investments are higher than those of the conventional
options (Dobes, 2010; Whitten et al., 2012; Jeuland & Whittington, 2014). It is because the
sequential options can not only address the future risk of sea-level rise, but they also allow
option holders to avoid the unexpected outcomes of sunk investment by stopping further

investment.

The previous approach could have been improved by considering the investment timing of
the remaining options. For example, the result of real options analysis by the previous study
suggests that the investment in the second phase option should be made later when the
defined threshold value during the planning horizon is at least reached. This threshold value
enables us to find a specific investment timing by matching the threshold value to sea-level
rise in any sea-level rise (SLR) scenarios. This concludes that the investment time differs
depending on SLR scenarios.

As shown in Binominal lattice approach (Section 2.5.1), the investment timing can be
determined by forcinlgy establishing time steps (e.g. two periods). In this regard, the previous
real options approach can be considered as a Binominal approach in which one of two
decision paths will be chosen according to the realization of the future. In this case, if sea-
level rise exceeds the defined threshold value, the remaining option will be implemented.
Otherwise, it will be abandoned. In this circumstance, one problem is explicitly identified in
estimating the value of the adaptation option. It is because the option value is significantly
affected by investment timing and discount rate (r) (Tol, 2003). Besides, the investment
timing also depends on what climate change scenario will materialise in the future. Due to
such issues in evaluating the economic values of future options, the fixed investment time
and threshold value may constrain the investment decision from real options analysis in its
application. Generally, the real options analysis estimates the probabilities of future states at
the fixed investment time. However, it should be noted that these estimated probabilities
differ depending on how to set the investment timing of an adaptation option on the passage

of time.

This issue needs to be further addressed to improve real options analysis in the area of
climate change adaptation of which the investment decisions depend on time and climatic
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variable (i.e. sea-level rise). In this regard, decision-makers who are willing to use real

options analysis in climate change adaptation need to consider some issues as below.
(1) Investment timing

If a decision time is placed in the distant future (e.g. 2050, 2080 or even 2100), the option
value from such a decision is significantly discounted. This may be a case where the
threshold value for implementing an option is set to be very high. In this case, the investment
decision on an adaptation option will be left with no upgrade to the future generation unless

sea level reaches such a threshold value.
(2) Uncertainty of SLR scenarios

SLR scenarios by UKCP 09 have the different rates of sea-level rise. Sea level increases more
slowly in the Low SLR scenario than in the High SLR scenario. In this regard, sea level is
expected to reach the defined threshold value at different years depending on SLR scenarios.
If a decision time is planned for one particular or fixed year, it may lead to a different
decision in the real world. For example, if the threshold value of sea-level rise is set to be
0.37m in London, such a rise is, thus, expected to reach in 40 or 60 years for the High or Low
SLR scenarios, respectively. Thus, if the investment decision whether to go or not is fixed at
a particular year, option holders may miss an investment opportunity that they may have by
waiting longer. This implies that a threshold value to trigger an investment in real options
analysis needs to be addressed with consideration on when it will be reached under various

SLR scenarios.
(3) Sea-level rise in the real world

Lastly, if sea level rises at the lower rate in the real world than sea-level rise projections, the
option implementation time will occur much later than expected. There will be, thus, no need
for action to such an unexpected case because sea-level rise in this scenario is less likely to
exceed such a threshold value in the near future. In economic term, it is a more strategical
decision that the option holders leave this option for the future generation than they consider
now because the option value of the investment in the distant future is very low. On the
contrary, there may be an opposite case where sea level rises at a very fast rate (e.g. the H ++
scenario) in the real world. In this case, sea level will exceed the threshold value in the near
future, urging decision-makers to implement the adaptation option immediately. Thus, if the
sea-level rise follows the H ++ SLR scenario, the pattern of sea-level rise, that is, whether
sea-level rise follows H++ SLR or not, needs to be detected in the early stage.
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2.6.3 The choice of real options approach in context of climate change adaptation

There are various approaches to analyse real options in physical or engineering systems
(Dixit and Pindyck, 1994; De Neufville, 2003). Depending on the characteristics of uncertain
variables, the choice of a real options approach differs. Binominal or trinomial lattice
approach, stochastic differential equation method, Brownian motion approach, Black-Scholes
model and Dynamic programming approach are all categorised as real options approaches.
Thus, when taking one of the real options approaches to an area of interest, analysts need to
consider what factors are influential on uncertainty and how to model uncertain variables.
This process is referred to as uncertainty modelling in the literature of real options analysis
(Yang and Blyth, 2007). This section provides the detailed explanations of various

approaches used in real options analysis (Table 2.8).

Among all the approaches in Table 2.8, the Binominal Lattice Approach is excluded because
sea-level rise does not show downward movement during the period of a SLR projection and
it is not changing in a stepwise pattern over time. It is rare to observe the upward or

downward movement of sea-level rise at any time in reality.

The Brownian motion approach had been taken into account to describe the uncertainty of
sea-level rise. The choice of this approach is reasonable because the behaviour of sea-level
rise appears similar to the behaviour of Brownian motion. As seen in UKCP 09, a sea-level
rise projection consists of the most likely trajectory (i.e. the 50" percentile) and its uncertain
ranges (i.e. the 5™ and 95" percentiles). This thesis estimates the drift and variance
parameters of Brownian motion by fitting each SLR projection to Brownian motion. In this
way, the drift and variance parameters of Brownian motion have been calibrated for the real
options analysis. However, there is no evidence that sea-level rise follows Brownian motion.
Thus, the use of this method is limited to describing the stochastic case of sea-level rise in
this thesis. One of challenges we face in applying real options analysis is how to establish and
solve a stochastic differential equation for option evaluations. This is related to assumptions

required for establishing a stochastic differential equation for some reasons.
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Table 2.8 Types of real options analyses according to uncertainty modelling (Dixit and Pindyck, 1994)

Approaches

Methods

Characteristics

Application to climate
change adaptation

Binominal or Trinomial lattice
approach

. Define the probabilities of the upward and

downward movements of uncertain variables

2. Set up adaptation options and paths in response to

W

the future states
Value all options under each possible future state

. Aggregate the probability-weighted values of all

options

[EnN

. It is useful when the uncertain variables can be simply

defined by two or three states.

. This approach may increase the complexity of the analysis

by allowing more binominal decisions for many time steps

. This approach is fit only for discrete time
. It is hard to define the probabilities of uncertain variables

exceeding a certain threshold value in the future

Linquiti and Vonortas
(2011), Woodward et al.
(2014)

Brownian motion approach

. Define the property of the stochastic process of

uncertain variables (x) adjusted to any type of
Brownian motion

2. Set up a relation between option values (F) and

uncertain variables (x)
Estimate the option values and likely ranges for an
adaptation option

[N

4

. It is hard to define the parameters of Brownian motion

for uncertain variables.

. Brownian motion is valid when variables are continuous
. It is difficult to establish a mathematical relation between

option values and uncertain variables in physical systems

. Traditionally, the parameters of Brownian motion are

made by experts’ judgement towards the future

Abadie et al. (2016)

Black-Scholes model

. Devise flexibility (call or put option) to be included

in a system under uncertainty

. Determine the conditions of call or put option which

are strike price, expiry date and so forth

. Apply Black-Scholes formulation to estimate the

price of the flexibility (call or put option)

[EnN

w

. This approach is fit to European style option which

can be exercised only at the expiry date.

. The price of call or put option is formulised.
. The solution is valid for continuous time
. This approach is suitable for investment decisions

where strike price can be set such as R&D or patent

Sturm et al.(2017)

Stochastic Differential
Equation

N

w

. Define the property of the stochastic process of

uncertain variables adjusted to any type of
Brownian motion

. Establish a stochastic differential equation with

the parameters of Brownian motion (a, o)
Solve the stochastic differential equation to find
a maximum option value and its investment time

=

. This approach is valid when uncertain variables are

continuous and definable for Brownian motion

. Itiis hard to solve a stochastic differential equation
. Itis hard to define a stochastic differential equation

for uncertain variables in physical systems

Not found to date

Dynamic Programming
Approach

. Set up Bellman’s equation (rf = E(dF)) for uncertain

variables (Here, r: discount rate, F: option value,
E(dF): an expectation of change in F)

. Define an option value (F) with regard to uncertain

variables

. Compute the option values numerically or

analytically

[EnN

. This approach is fit for American style option
. This approach can estimate the option value and

investment time either in a numerical or analytical way.

. As computation techniques develop, this approach is

more powerful than ever.

. The numerical type of dynamic programming can be

solved by backward induction method.

Yang and Blyth (2007),
Kim et al. (2018)
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Firstly, the process of uncertain variables must follow Brownian motion. The uncertain
variables involved in a stochastic differential equation meet this requirement. It should be
noted that the uncertain variables for the stochastic differential equation are the performance
(or economic efficiency) of an adaptation option against the risk of coastal flooding. These
variables are represented by expected annual benefits (EABs) from an adaptation option. The
description of temporal changes in EAB requires a series of complicated processes (e.g.
uncertainty modelling; flood risk analysis for each defence condition; monetisation process).
In addition, it would be difficult to argue that changes in EAB follow Brownian motion.

Secondly, the uncertain variables for the stochastic differential equation must be continuous.
The expected annual benefit (EAB) from an adaptation cannot be assumed to be continuous
in extremely severe SLR scenarios. It is because of the limitations on the capacity of
adaptation measures (i.e. coastal defence) against extreme coastal events. Likewise, as
climate change adaptation is a more complicated process that requires a detailed
understanding of interactions or dynamics between physical systems (i.e. adaptation
measures) and climatic systems (i.e. extreme water levels and sea-level rise), the application
of real options analysis into climate change needs more attentions than in financial analysis.

Thirdly, solving a stochastic differential equation requires the drift and variance parameter of
Brownian motion of uncertain variable(s). As the former two conditions are rarely satisfied in
climate change adaptation, it is, therefore, hard to obtain the parameters of Brownian motion
of uncertain variables (i.e. EAB). This implies that analytical or mathematical approaches to
real options, which demand analysing Brownian motion and stochastic differential equation,

are not suitable for climate change adaptation.

In these contexts, this thesis takes a numerical approach to find a maximum option value and
its investment time for an adaptation option under the uncertainty of sea-level rise. This
approach allows us to avoid not only solving a stochastic differential equation of EAB, but
also calculating the drift and variance parameters of Brownian motion of EAB. Instead, we
directly solve the Bellman’s equation (rF = E(dF), Here, r: discount rate, F: option value
and dF: change in option value) in a numerical way. It is of note that a stochastic differential
equation for real options analysis is a different form of Bellman’s equation with the variables

assumed to follow Brownian motion and Ito’s Lemma (Dixit and Pindyck, 1994).

This thesis uses a backward induction method based on Bellman’s equation to compare a

continuation value and a termination value in each year from the end of time horizon. This
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method has already been proved by a published paper (Kim et al., 2018). The option values
(F) have been directly estimated with the summation of expected annual benefits minus
investment costs during the life of the coastal defence (= 100 years) with alternations to
investment year. In this regard, this thesis provides a new numerical framework to
supplement the previous analytical approaches which have the limitation on the application of
real options analysis in climate change adaptation. This thesis improves the previous real
option approaches in two ways. Firstly, we allow the investment time to continuously vary
and, secondly, we consider a wide range of sea-level rise scenarios from UK climate
projections 09 (UKCP 09) per se (Lowe et al., 2009). These scenarios are considered
independent of each other and this analysis provides each real option value for each sea-level

rise scenario rather than a single averaged value for all the SLR scenarios.

The aim of this thesis is to assess the potential roles of real options analysis in climate change
adaptation under the uncertainty of sea-level rise — in this case, defence raising to stop
increased coastal flooding from sea-level rise. The coastal area between Lymington and
Milford-on-Sea, Hampshire (UK) is selected as a case study area (henceforth referred to as
Lymington). This is a good example of a coastal zone with urban areas that has been flooded
several times in the past, and is still vulnerable to coastal flooding and sea-level rise in the
future (Ruocco et al., 2011; Wadey et al., 2013). While the flood defence has been upgraded
for the last 20 years, it is still recognised that a further upgrade is needed in 30 to 60 years
(NFDC, 2010). So, upgrading the next phase of adaptation is already an issue. In addition to
this, this thesis follows flood risk assessment guidance (EA, 2010) and cost-benefit analysis
rule commonly used in UK project appraisals. Thus, this thesis provides us an opportunity to
compare the previous decision-making tools with real options analysis and help to identify
the potentials of real-options-based approach in climate change adaptation.

2.7 Summary

This chapter firstly has investigated into the general understanding of risk and uncertainty in
climate change. Traditionally, it was well known that risk was a danger or threat with a
known probability; while uncertainty was unknown risk with an unknown possibility (Knight,
1921). Now, the risk is understood by the products of the probabilities of occurrence of
extreme events and the corresponding damages (Hall and Solomatine, 2008); while the
uncertainty is rather qualitatively understood with the recognition of incomplete knowledge
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or information on risk (Willow et al., 2003; Hall et al., 2007; Ranger et al., 2013). For this
reason, uncertainty and risk are treated together in flood risk assessment or management
(Willow et al., 2003; Hall and Solomatine, 2008; Field et al., 2012). In addition, uncertainty
and risk interact to each other, leading to increases in the complexity of climate change
adaptation and flood risk management (Willows et al., 2003; Adger et al., 2009). This
ambiguity between risk and uncertainty makes it difficult to trigger adaptation measures.
Also, the long-term timescale and non-stationarity of climate change places climate change
adaptation in the face of great challenges (Lempert et al., 2003; Groves et al., 2008; Ranger et
al., 2013). As structural adaptation measures in flood risk management incur a significant
amount of expenditure, actions to implement the adaptation measures require a full
understanding of uncertainty in and around the adaptation measures (EA, 2012; MLTM,
2016).

The types and characteristics of uncertainties that are currently recognised in climate change
adaptation are well understood by the previous studies (Willow et al., 2003; Grossi and
Kunreuther, 2005; Hall and Solomatine, 2008). However, the methods or skills to represent
and reduce the uncertainties from different sources have been developed and applied
separately in different sectors such as climate change models (Feyen et al., 2013; Wolf et al.,
2015), the predictions of greenhouse gas emissions and sea-level rise (Lowe et al., 2009;
Nicholls et al., 2014; IPCC, 2015), socio-economic scenarios, the observations and analyses
of climate change patterns (Haigh et al., 2014, Hinkel et al., 2015), decision-making tools
(Hall et al., 2012; Haasnoot et al., 2013; Ranger et al., 2013) and the introduction of effective
adaptation measures (EA, 2012). It is also understood that, as the various types of
uncertainties occur simultaneously in climate change adaptation, the effects of the

uncertainties are substantial in decision-making or flood risk management.

In this context, the purpose of this thesis is meaningful as it links the recognised uncertainty
issues with a newly introduced decision-making tool. Thus, this thesis views a real-options-
based approach, or real options analysis, as an alternative way to fill the gap between climate
change adaptations and investment decisions. This thesis can provide some important

implications in two aspects.

1) This thesis seeks to views uncertainties in climate change, in particular, sea-level rise
and coastal flooding as they are. The uncertainties that are considered to be critical
and substantial in coastal flooding are taken into account in the framework of real-
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options-based approach without any modification. The results from real options
analysis into adaptation options have, thus, excluded the subjective views and
judgements on the current understanding of the uncertainties in coastal flooding and

sea-level rise.

2) This thesis also recognises that flexible options to be adjusted in response to future
states are an effective strategy to reduce uncertainties. However, this research focuses
more on the basic principles and operational use of real options analysis for further
and more general application to climate change adaptations. The assessment methods
of flexible adaptation options are adjusted to fit the context of climate change

adaptation, in particular, coastal flooding.

This thesis makes efforts towards integrating physical aspects from climate change and flood
risk management and economic aspects from option evaluation. Thus, the development of an
analytical framework for the real-options-based approach into Lymington (UK) can provide a
practical method to increase the efficiency and effectiveness of adaptation strategies within
the limitation on resources (i.e. budgets), time or information. Other previous studies have
also addressed these aspects in climate change adaptation sectors such as coastal defence
upgrades, dam constructions and crop productions (Jeuland and Whittington, 2012; Linquiti
and Vonortas, 2012; Whitten et al., 2012; Woodward et al., 2014; Hino and Hall, 2017). All
the studies suggest that flexible options are more efficient than non-flexible options as they
enable eliminating the irreversibility of the investment. To supplement the previous studies,
this thesis is aimed to develop an overarching framework in which adaptation options,
including flexibility of wait, or future growth, are systematically assessed and compared with
more focus on reducing the subjective views of decision-makers towards the uncertain
futures. All the key processes for flood risk management against coastal flooding and sea-
level rise are integrated to address all the relevant uncertainty issues that are considered to be
substantial in policy or scientific context of climate change adaptation. The following chapter
reviews the present risk of coastal flooding and the past flood events in Lymington. Also, the
future risk of coastal flooding, due to sea-level rise, are previewed with adaptation measures

considered in shoreline management plan (SMP) in Lymington.
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3. Overview of case study area

This chapter overviews a case study area in association with the past flood events. The
coastal area between Lymington and Milford-on-Sea, Hampshire (UK) (henceforth, referred
to as Lymington) is selected as an experiemental area (Figure 3.1). This is a good example of
a coastal zone with urban areas that have been flooded many times in the past, and is still
vulnerable to coastal flooding and sea-level rise in the future (Ruocco et al., 2011; Wadey et
al., 2013).

Most data and records mentioned in this chapter are obtained from the previous research by
Wadey (2103) and Haigh et al. (2011) which investigated the past flood events and the
current flood risk in Lymington by the flood simulation model. To understand how
susceptible the case study area is to coastal flooding and sea-level rise, this part investigates
the previous research and public documents recording the past coastal events. Thus, this
chapter provides a basis upon which to analyse the current and future flood risk to Lymington
as well as to assess current adaptation measures to protect Lymington from coastal flooding
and sea-level rise. Two historical flood events that caused significant damages to Lymington
are throughly investigated in this preliminary analysis.

This chapter is structured as follows. Firstly, we explore the case study area in terms of
geological, hydrological and environmental conditions. Secondly, we investigate two main
past flood events that occurred in Lymington, and, then, review the current and future flood
risks of Lymington in association with sea-level rise. Lastly, we will review adaptation

measures that are currently planned in Lymington.

3.1 Hydrological and geological characteristics of the Solent

The Solent is a tidal strait located between the Isle of Wight and the mainland of England.
This area is covering 32 km from east to west and 1.5 to 6.5 km from south to north. This
area includes Lymington, Portsmouth, Southampton, Isle of Wight and Sesely Bill.
Prehistorically, the Solent was a river system before the last ice age. Geological or marine
research on the Solent estimates that the river system of the Solent was inundated after the
rapid sea-level rise 7000 years ago (Wadey, 2013). After the progressive development and

reclamation of Southampton Water and Portsmouth in the 19" and 20" centuries, the current
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form and extent of the Solent estuary was shaped (Levasseur, 2008). The Solent-

Southampton Water Estuary system is the largest estuary on the UK south coast.

The Solent is one of the highest flood risk regions in the UK (Wadey et al., 2013). 24,138
properties in the Solent are estimated to be susceptible to the high risk of coastal flooding due
to the combined effects of sea-level rise and storm surge events (NFDC, 2010). The severity
and frequency of coastal flooding is the third largest in the UK after London and Hull
(Wadey et al., 2013). If sea-level rise of 0.5m is added to a 1-in-200 year coastal flooding, the
extent of the inundated areas and properties will increase by 140 to 600 % depending on the

combined conditions of storm surges and defence failure (Wadey et al., 2012).
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Figure 3.1 Lymington and the wider Solent region on the English channel coast, UK, including
the 1-in-1000 coastal floodplain (Wadey et al., 2013).

Isle of Wight shelters much of the Solent area from south-westerly Atlantic waves (Wadey et
al., 2013). In addition, a shingle barrier at the west end of the Solent (Hurst Spit) and the
associated shoal of the Shingles Bank in Christchurch Bay at the further west (not shown in
Figure 3.1) protects the West Solent, including Lymington, from incoming waves from the
west (Wadey et al., 2013). Extreme still water events in the Solent are normally developed
from low pressure systems moving from Atlantic eastwards over Southern England. On the

other hand, small surge events in the Solent are mainly attributable to large North Sea storm
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surges transmitted into the English Channel through the Dover strait (Haigh et al., 2011). The
Solent region is well known to have a very complicated tidal mechanism in which double
high waters occur and are particularly pronounced during large spring tides, and at mid-flood
tide, the tide is constant for an hour (Pugh, 1996). Tidal residual, which is a difference
between the actual water level and the predicted water level, is mostly observed to be less
than 1m with a difference between a 1-in-10 and a 1-in-1000 year water level estimated to be
only 0.33m (Haigh et al., 2009; Wadey et al., 2013). Tidal range, which is a difference
between the lowest and highest astronomical tides, increases from 2m at Hurst to 5m at
Selsey Bill. Typical semi diurnal lunar spring tidal cycles in the Solent are shown in Figure
3.2.
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Figure 3.2 Water level time-series: recorded at three locations across the Solent during a

typical spring tide from Wadey et al. (2013)

3.2 Description of Lymington in association with flood risk

Lymington is a coastal town in southern England that has experienced a number of coastal
floods over the last century, including 13-17 December 1989, 25 December 1999 and 10
March 2008 (Ruocco et al., 2011; Wadey et al., 2013). The coastal defences have been
upgraded several times in response to these floods and currently are at 2.5~3.0m (AOD)
elevation, but, as sea levels are rising, the risk of coastal flooding is growing. The Shoreline
Management Plan (SMP) in and around Lymington has selected a Hold-the-Line (HTL)
policy, which involves the enhancement of the coastal defence to maintain the current
coastline against the rising risk of coastal flooding (NFDC, 2010). While the flood defences

have been upgraded in the last 20 years, it is recognized that the further upgrade is needed in
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30 to 60 years (NFDC, 2010). Therefore, the timing and sequence of the defence upgrade is
of importance to Lymington.

1 | Case study site

[ 1:in-200 year FLOOD ZONE (EA)

Figure 3.3 A case study area of floodplains in Keyhaven, Pennington and Lymington — Flood
inundation has been simulated in hatch area.
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Most of the site is valuable grazing and marsh designated as a Site of Special Scientific
Interest (SSSI). Parts of Lymington and the villages of Keyhaven and Milford-on-Sea are at

the risk of coastal flooding.

There is a historic landfill (which is filled with wastes) closer to the shoreline which is
significantly threatened by erosion over a century (Beaven et al, 2017). The landfill site was
formed between 1962 and 1969 to accommodate a mixture of inert, industrial, commercial
and household wastes. This landfill site covers 7.5 (ha) area and the maximum surface height

is 4.1 mAOD as shown in Figure 3.4.
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Figure 3.4 Shoreline Management Plans and historic landfill sites in Pennington (Source:
Beaven et al., 2017)

The landfill site lies on rural areas which include grassland/coastal marshes and brackish
lagoons. Now, it is protected by well-maintained seawall (named Pennington wall), Hurst
Spit and saltmarsh. The current shoreline management policy has already been planned as a
Hold-The-Line (HTL) for the short, medium and long-term. However, due to sea-level rise,
the saltmarsh on the seaward side of the sea-wall is being eroded at the rate of 0.5 to 5 m per
year (Beaven et al, 2017). As this saltmarsh provides a service of mitigating the effects of
incoming waves on the sea-wall, the loss of saltmarsh is recognised as a threat to the flood-
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prone area and the landfill site. The coastal zone at Pennington becomes vulnerable to
flooding with the erosion of saltmarsh proceeding. The current Hold-The-Line SMP policy

will need the upgrade of coastal defence in the near future if sea levels keep rising.

3.2.1 Current coastal defence conditions in Lymington

As Hurst Spit and Isle of Wight are located before the compartment areas (i.e. Lymington,
Keyhaven and Pennington), the wave climates are governed by south-west winds and locally-
generated waves (Wadey et al., 2013). Due to Hurst Spit, the effects of the incoming waves
are weak with significant wave heights estimated between 0.3m and 0.8m (Halcrow, 1998).
In the lee of Hurst Spit, there is earth and grassed embankment which stretches 1km
eastwards. This embankment ends at Keyhaven which is protected by a mixture of masonry
and concrete sea walls. Keyhaven is an important residential area, which is low-lying and
dependant on Hurst Spit and concrete sea defences. The fronting saltmarshes also play a
protective role, as a natural defence, in increasing the performance of flood defences and
Hurst Spit.

From Keyhaven eastwards, there lies Pennington wall the length of which is approximately
8.1km to Lymington. The front face of the wall is protected by interlocking concrete blocks.
This wall protects over 500 ha of land and a nature reservoir at mean high water spring tide
(Martin, 1994). The wall had been breached on the 19th December 1989 and, then, was
reconstructed with the crest of the coastal defence raised by 0.4 to 0.5m (the highest being
raised to 3.0 mAOD at the east end and the lowest raised to 2.45 mAQOD at the west end).
This coastal defence provides an approximately 1-in-25 year standard of protection (Wadey
et al., 2012). The coastal defence near Lymington is made of masonry and concrete wall. This
seawall is erected along the coastline to protect the low-lying area where residential and
commercial properties, industrial facilities, yacht yards and a railway station are located.
Most defence conditions in Lymington are classified under Grade 2 with the residual life
estimated to be 31 to 40 years (NFCD, 2010). The current costal defences around the case

study area are shown in Figure 3.5.
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Figure 3.5 Types of the current coastal defences around Lymington (including Pennington and
Milford-on-sea) provided by Shoreline Management Plan (NFDC, 2010)

3.2.2 Appraisal of defence conditions for breaching failure

In order to consider breaching failure, the defence conditions have been investigated on the
base of the previous research by Wadey (2012). This review also helps construct additional
breaching scenarios by finding the weak points of coastal defence along Lymington. To
analyse defence failure mechanisms, fragility curves are used to provide the conditional

probability of breaching for a given loading. Generating the fragility curves requires site-
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specific information such as defence types, defence conditions, slopes and surface protection
(Buijs et al., 2007). The previous study also provides useful information on how probable the
breaching failure occur over the possible loading conditions (Wadey et al., 2013). The
probability of breaching at a 1-in-200 year water level (i.e. 2.41 mAOD) is estimated to be
between 0.59 and 0.76 for Pennington sea-wall (including Keyhaven) and between 0.77 and 1
in Lymington sea-wall, respectively. The past breaching events and hydraulically
disconnected points (i.e. flood gates) are spotted where the breaching is also very likely to
occur in the extreme case of coastal flooding. The coastal defences that are assessed to be at

the risk of breaching are shown in Figure 3.6.
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Figure 3.6 (a) Potential locations for the breaching scenario at Lymington; and (b) defence
weak points and approximate locations of 17" December 1989 breaches redrawn from the
previous analysis by Wadey (2012).

This thesis assumes that, if the coastal defences are managed properly, the performance of the
coastal defence will last during the period of the project life. The shoreline management plan
also includes maintenance costs for the coastal defence during a century (NFCD, 2010). In
this respect, this thesis assumes that the coastal defence will be able to provide a service to
protect Lymington over the life of the coastal defence (=100 years). However, the effects of
different residual life on real options analysis will be considered for applications to different
residual life of coastal defence.
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3.3 Past flood events in the Solent

Coastal flooding has been a common occurrence in the Solent over the last century. Ruocco
et al (2011) catalogued flood events in the Solent from 1935 to 2005 and identified 34 flood
events in the Solent and 14 flood events at Lymington. This work found that, while sea levels
were rising, the incidence of coastal flooding in the Solent was actually declining due to
improving flood defences, especially at coastal hotspots. This includes Lymington which has
seen significant damages in flood defences in the last 30 years. Subsequent flood events in
the Solent are reported by Wadey (2013); Wadey et al. (2013; 2015b); Oszoy et al. (2016)
and Haigh et al. (2017). Notable events occurred on 10 March 2008 and in the exceptional
season of 2013/14, most notably the 14 February 2014 (or the ‘Valentines Storm’). Wadey et
al. (2015a) catalogue the storms in the West Solent impacting Yarmouth on the Isle of Wight:
with its upgraded flood defences Lymington escaped serious damage compared to earlier
storms. Here two extreme flood events which had flood impacts in Lymington are considered

in detail to inform the later flood modelling.

3.3.1 The 14" and 17t December 1989 West Solent flood

The 14" to 17" December 1989 flood event is recorded the worst storm surge event in the
Solent in the last 50 years (Ruocco et al., 2011; Wadey, 2013). Eight successive high tides
exceeded the highest astronomical tide causing widespread flooding, especially in Lymington
and Portsmouth. Around Lymington, successive severe flood events occurred on the 14" and
17" December 1989 (the two highest tides). On the 14™ December, sea water overflowed and
overtopped the coastal defences between Lymington and Milford-on-Sea. On the 17%
December, breaching occurred, leading to the rapid inundation of the floodplains behind the
breached coastal defence with seawater. A National River Authority report (NRA, 1990) and
Wadey (2013) documents the event. On the 17" December there was inundation of 10
properties in Pennington, while overtopping also affected 50 properties in Lymington. The
main cause of flooding was exceptional high-speed south-westerly winds combined with high
sea levels on both dates. A mean wind speed at the height of the storm on the 17" December
was recorded to be 44 knots with gusting 56 knots which could generate strong waves with
the height of 1.2-1.3m in Lymington (Wadey et al., 2012). Water levels at Lymington on the
14" and 17" December were 1.92 mAOD and 2.1 mAOD, respectively.
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Hurst Spit, which protects the West Solent, especially Milford-on-Sea and Pennington from
wave effects, was also breached by the combination of high water level and extreme waves
on the 17" December 1989. This breaching allowed sea water to enter into the inter-tidal
area, leading to the rapid erosion of the saltmarsh behind the Hurst Spit (Stripling et al.,
2008). The barrier has since been reinforced by shingle nourishment and provides significant
protection to Milford-on-Sea as well as much of the Solent. This extreme event is understood
as a consequence of interactions between various flood sources (e.g. surge events, wind and
wave conditions, tides) and the resultant breaching of the coastal defence (Wadey, 2013).
Although this flood event had caused such severe damages in Lymington, detailed
information about the December 1989 event (e.g. wave conditions and water level time
series) is not found. Most of the coastal defence in Lymington has been upgraded and
reinforced since the 1989 December event. Thus, the flood simulation based on the December
1989 event may show different inundation patterns from plausible flood risks based on the

current defence systems.

Figure 3.7 Erosion and breaching of Hurst Spit after the flood event on 17" December 1989.
This photo was taken from the website of lan West (http://www.southampton.ac.uk/~imw/

Hurst-Spit-Historic-Coastal-Events.htm)
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Chapter 3. Overview of case study area

3.3.2 The 10" 2008 flood event

This section explains a storm surge event on the 10" March 2008 which is a well-documented
extreme flood event in the Solent region. This thesis investigates this event with the previous
thesis and paper provided by Wadey (2013) and Haigh et al. (2011), respectively.

On the 8" March 2008, a low depression was developed off Southeast Greenland. As this
moved southeast with the central pressure dropping from 975mb to 946mb, it turned to be a
typical storm that generated large surges in the English Channel (Wadey et al., 2013; Haigh
et al., 2016). The time of the high spring tide predicted for the 10" March coincided with the
passage of the storm. This joint event generated a surge of 1m in the central regions of the
English Channel. These skew surges exceeding 0.7m were recorded at six stations:
Weymouth, Southampton, Portsmouth, Jersey, Cherbourg and Le Havre (Haigh et al., 2011).
In the Solent, the storm surge peak and high tide occurred at the same time. Peak water level
was observed 12:00 at Lymington, 12:30 at Southampton, 13:00 at Portsmouth and 13:30 at
Sesley Bill (Wadey, 2103). Water level time-series at each location are shown in Figure 3.8.

3.8 1

= Lymington
Calshot

3.0

25 4 Southampton

Portsmouth

2.0 1 —— Chichester Harbour

Still water level (m AOD)

-2.0 T T T T T T T T T T T T T
06:00 07.00 08:00 08:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00 18:00 18:00
Time on 10th March 2008

Figure 3.8 Still water level time-series on the Solent areas during the event 2008 (Source:
Wadey et al., 2013) — This data is originally taken from Channel Coastal Observatory (CCO)

Flood warning against this daylight event was issued across most of the affected areas (EA,
2010b), allowing people to take preventive actions such as moving possessions or building
sandbags (Wadey et al., 2013). Flood damage was relatively minor although more than 30
properties were flooded at Selsey during the 2008 event (EA, 2010b). New defences in

99



Lymington reduced the impact of overflowing and overtopping on the floodplain. Breaching

failure was not reported during the event (Wadey, 2013).

Most defence failure type that occurred during the 2008 event was overflowing which means
that water levels exceed the crest level of coastal defence. A peak water level measured at
Lymington on the 2008 event was recorded to be 2.04 mAOD according to Coastal Channel
Observation (CCO) and 2.17 mAOD according to the Environment Agency, respectively.
Figure 3.9 shows the flood extents and depths simulated from the peak water levels of 2.0
mAOD and 2.4 mAOD, respectively.

The wave height (Hs) at Lymington during the event was observed to be 0.91m with the wave
period (Tp) of 3.3 sec. This wave height during the 2008 event was less than a 1-in-1 year
wave height. Although most flood types during the 2008 event were overflowing in the
Solent, overtopping and breaching failure were also observed in Portsmouth and Selsey Bill,

respectively (Wadey et al., 2013).
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Figure 3.9 Extents of flood damages simulated with the current defence system at the extreme
still water level of (a) 2.0 mAOD (water level on the 2008 event) and (b) 2.4 mAOD
(approximate 1-in-200 year water level) in Lymington.

Data on climatic conditions and detailed damage information during the 10" March 2008
flood event have been well-documented; although the flood damages on the 2008 flood were

relatively minor in Lymington comparing to flood damages on the 1989 flood event. Thus, in
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this thesis, the 2008 flood event is assumed to be a typical flood event that may occur again
in the future as this flood event occurred in the same defence system with the current defence
system. The coastal flood simulations based on the 2008 flood event enable us to know which
area in Lymington is still vulnerable to coastal flooding and rising sea levels. Although much
flood damage was not reported and recorded during the 2008 flood event, the coastal flooding
could cause more severe damages to the floodplain, if there were higher water level due to
sea-level rise than it was. The previous research conducted by Wadey (2012) shows the
relevance of the extreme water levels during the flood events to flood damages. Table 3.1
summarises the flood damages to Lymington during each flood event with the highest
recorded water level. It also shows tidal levels recorded during the flood events at

Lymington.

Table 3.1 The highest water levels during the past flood events at Lymington with the brief
explanation of the flood damages — This data is taken from Wadey (2013). Tidal levels are
from the Channel Coastal Observatory (CCO) and return periods are McMillan et al. (2011).

Water Level .
?nfLOeDv)e s Date Relevance / description of event Source
2.41 1in 200 return period water level statistically generated by McMillian et al. (2011)
Approx. 1 m storm surge in the Solent. The highest water level
517 10" March since 1992 recorded at Environment Agency tide gauge;
: 20083 although the water level was also recorded 0.13 m less at an (EA, 2010b)
alternative gauge nearby (CCO, 2011).
Storm surge of 1.1 m. Overtopping and overflow caused flooding to
) 50 houses and 10 commercial properties in the town of
2.10 17' Lymington, some to a depth of 1.2 m. Submergence of railway line (NRA
December and electrical substations. Breaching and flooding of the rural site, 1990)
1989 damaging 10 houses and the hinterland marsh environment.
Severe erosion of Hurst Spit.
24"-25" Flooding occurred in Lymington due to the river overtopping oc '
1.99 December upstream of the Toll Bridge on the Lymington side and flowing on (O'Connell,
1999 i 2000)
to the railway.
th
14 Wave overtopping on the river estuary and open coast (NRA
1.92 December caused flooding in Lymington and the Pennington marshes |
' 1989 ' 1990)
1.89 1in 1 return period water level (Approx.)
1.02 Mean high water spring tides
0.62 Mean high water neap tides
0 Ordnance Datum (approximately mean sea level at Newlyn, Cornwall)
-0.58 Mean low water neap tides
-1.28 Mean low water spring tides
-1.98 Chart datum at Lymington
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3.4 Coastal Flood Risk Management Plans for Lymington

3.4.1 Shoreline Management Plans (SMPs) for Lymington

Shoreline Management Plan (SMP) describes a strategy to manage coastlines against flood
and/or erosion (NFDC, 2010). This management plan sets out the next 20, 50 and 100-year
policies to assist decision-making on flooding from sea and coastal erosion. Four different

shoreline management policies are present in SMP (Nicholls et al., 2013):

¢ No active intervention — No planned investment in defending against flooding or
erosion, whether or not an artificial defence has existed previously.

e Hold the (existing defence) line — A policy to keep the position of the shoreline as it is.
Thus, this policy needs to build or maintain the existing defence.

e Managed realignment — Allowing the shoreline to move naturally, but managing the
process to direct it in certain areas. This is usually done in low-lying areas, but may
occasionally apply to cliffs.

e Advance the line — New defences are built on the seaward side.

To protect Lymington including other near sites from the increasing risk of coastal flooding,
the shoreline management plan has been established as the short, mid and long-term policies
with the timescales of 0-to-20 years, 20-t0-50 years and 50-to-100 years, respectively
(NFDC, 2010). All these management options are developed and selected in partnerships
between local authorities and Environment Agency. For the Solent, North Solent Shoreline
Management Plan has been established to provide a broad assessment of the long-term risks
associated with coastal processes as well as to identify and recommend strategic coastal
defence policy options for particular length of coast to reduce these risks to people, the

developed and natural environments (Nicholls et al., 2013).

The management plan chooses the Hold-the-Line (HTL) policy in the coastal areas of
Lymington, which is to keep the current position of the coastline and the standard of
protection by upgrading the coastal defences. As this plan is a high-level decision, the
detailed scheme of replacement and maintenance is not found in the shoreline management
plan. This management plan provides an estimate of the investment cost for the HTL policy.
The estimated cost is shown in Table 3.2.
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Table 3.2 The cost of the coastal defence replacement and maintenance for the Hold-the-Line
policy for Lymington (NFDC, 2010) — The cost in the table indicates expenditures due on each
epoch. Thus, it should be discounted by discount factors to indicate the present value (2016).

Location Timescales The length of Replacement Maintenance Total
policy unit cost (£ M) cost (EM) (EM)
0 to 20 years - 0.4 0.4
Elmer’s court
to Lymington | 20to 50 years 2.13km 8.6 1.0 9.6
Yacht Haven
50 to 100 years - 2.1 2.1
0 to 20 years - 1.6 1.6
Lymington
Yacht Haven to | 20to 50 years 12.4km 49.1 5.4 54.6
Saltgrass lane
50 to 100 years - 12.0 12.1

3.4.2 Flood risk of the Solent in the present and future

The SMP also provides narrative scenarios of coastal flood and erosion risk for each unit area
of the floodplain during 21% century (NFCD, 2010). This description shows how coastal
flood risks and defence conditions change over time. This scenario expects that the
performance and effectiveness of the Hurst Spit will reduce according to the severity and
frequency of storm events. These recursively occurring storm events will lower the crest level
and width of the spit, leading to increase in the risk of over-washing and breaching of the spit
(NFCD, 2010). If the breaching occurs to Hurst Spit, it will create harmful and significant
damages to residential, industrial, heritage and agricultural assets (Wadey et al., 2012). In
addition to this, sea-level rise will prompt the loss of saltmarsh, reducing the effectiveness of
the existing defences (Beaven et al., 2017). Due to the complexity of modelling shoreline

behaviour at this site, it seems difficult to predict and quantify the erosion risk.

The existing seawall (i.e. Pennington seawall) lying between Keyhaven and Lymington
would deteriorate due to the loss of inter-tidal saltmarshes, which play a role as a natural
protection in reducing the effects of the incoming waves. The SMP also predicts that the
performance of Pennington wall not fronted by the inter-tidal saltmarshes will end in 2035
through damaging overtopping events and toe scour (NFDC, 2010). If the breaching occurs to
the seawall, it will also cause a serious pollution risk to the hinterland. The wide spread
inundation may affect the landfill site behind the seawall. SMP report (NFDC, 2010)
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estimates that 113 properties are within a 1-in-200 flood risk zone and the potential flood risk
in 2105 would affect 180 properties. It is expected that the coastal flooding coupled with sea-
level rise would also have an adverse effect on the designated brackish and freshwater
habitats and species.

The shoreline management plan for the Solent provides the estimates of the number of
properties at the risk of a 1-in-200 year tidal flooding in 2007 and 2115, respectively (NFDC,
2010). The change in the number of the properties at the risk of a 1-in-200 year coastal
flooding is also shown in Table 3.3. This change in the number of the properties is attributed
to sea-level rise. Unless the coastal defence is upgraded, most area of the Solent will be at the
high risk of coastal flooding. According to EA return period water levels guidance
(McMillian et al., 2011), the water level with such a return period is estimated to be 2.41
mAOD in Lymington. However, sea-level rise will lead to increase in the frequency of 2.41

mAOD water level and the resultant risk of coastal flooding in the future.

In more detailed analysis, the North Solent Shoreline management plan expects the case
study area to be at the higher risk of coastal flooding in the future (Wadey, 2013; Haigh et al.,
2014). The number and location of residential and commercial properties at risk from tidal
flooding were based on the National Property Dataset (2005) (NFCD, 2010). Figures 3.10
and 3.11 illustrate the point-based locations of the properties at the risk of a 1-in-200 year
coastal flooding in Lymington, Pennington and Milford on Sea in 2007 and 2115,
respectively.

Table 3.3 The number of properties at the risk of a 1-in-200 year flood in case study area in

2007 and 2115 according to the type of properties — Note that the number of the properties are
counted on the current level of developments (source: NFCD (2010))

The number of properties at risk of a 1 in 200 year event
Councils Total Commercial Residential
2007 2115 2007 2115 2007 2115
Lymington Town 126 527 27 51 99 476
Study )
ites Milford 148 258 14 37 134 221
Pennington 13 20 7 9 6 11
The sub total 287 805 48 97 239 708
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Figure 3.10 Property locations at the risk of a 1-in-200 year coastal flooding within Lymington
(including Pennington and Milford on Sea) with no defence upgrade (a) in 2007 and (b) in 2115
(redrawn from the source data of NFDC (2010))
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3.5 Summary

This preliminary study on the case study area and the past flood events provides an overview
of how coastal flooding will affect the flood prone areas in the future. Through the review of
characteristics of the coastal flooding on the Solent, some important implications have been

drawn from this chapter.

Firstly, the Solent in particular, Lymington is a site to show very complicated hydrodynamics
influenced by coastal defence systems and morphology (i.e. saltmarshes). Also, the
geological characteristic of Lymington also leads to a site-specifically unique behaviour of
coastal flooding. The coastal flooding in Lymington is understood as a consequence of
meteorological, astronomical and morphological effects. If the future sea-level rise is
combined to the present pattern of coastal flooding, the analysis of flood risk will be more
complicated than now.

Secondly, this site may experience the ongoing changes in hydrological conditions due to
sea-level rise, even if the current coastal defence systems are well maintained. For example,
the loss of saltmarsh due to sea-level rise will lead to the reduction in the performance and
effectiveness of the current coastal defence systems. Thus, this may cause the breaching of
the current defence system. In addition, as sea levels rise, the risk of coastal flooding in
Lymington will grow over time. This will lead to need for understanding of more

complicated mechanisms of coastal flooding in Lymington.

Lastly, the lessons from the past flood events enable us to know which area in Lymington is
vulnerable to coastal flooding. In the 1989 flood event, breaching due to strong winds and
successive flood events within the short period was a main cause to damage floodplains in
Lymington and Pennington. On the other hand, the high tides with the storm surges of over
1m had adverse effects on the overall Solent area during the 2008 event. Although the failure
modes of the coastal defence and the mechanisms of coastal flooding are different between
the 1989 and 2008 flood events, the understanding of two past flood events provide a useful
way to identify the vulnerability of the coastal area against rising flood risk in Lymington.
Thus, the flood risk has been analysed upon a typical coastal flooding with plausible failure
mode of the current coastal defence so that the results of flood simulations in this thesis

reflect the characteristics of the 2008 flood event.

This chapter has explored the current defence systems and shoreline management plans that
will be implemented to address the future risk of the coastal flooding. In these hydrological
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and site-specific contexts, the shoreline management plan at the level of decision-making is
very challenging to risk analysts or decision-makers because the uncertainty of climate
change and flood simulation makes it difficult to provide economically proper adaptation
options for Lymington. In this regard, Lymington is appropriate as a case study area for

investigating flood risks in association with the implementation of adaptation measures.

In the following chapter, we will review generic methodologies for analysing flood risks as

well as for addressing uncertainty in investment decisions for Lymington.
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4. General Methodologic Background

This chapter aims to provide detailed explanation of methods on how to integrate all the
climatic data and all the processes for real options analysis. This integration needs some
assumptions and simplifications to interpret flood risk and value adaptation options. The
estimation of flexible options against uncertainty is central to the real options analysis
(Woodward et al., 2014). This enables us to understand how sensitive (or robust) the flexible
adaptation options are to the uncertainty of climatic variables. As the comparisons of the
adaptation options are generally made in terms of costs and benefits, the option values in this
thesis are partly based on the principle of cost-benefit analysis. To investigate the impacts of
coastal flooding and sea-level rise on flood plains in Lymington, this research simplifies the
mechanisms of coastal flooding and defence failure modes in Lymington by focusing on
overflowing and overtopping from storm surges and waves - For comparison, the effect of
breaching failure on the result of real options analysis has been investigated later. This
integrated analysis enables us to understand how sea-level rise as a major uncertainty
increases the risk of coastal flooding in Lymington. This methodology chapter explains the
uncertainty modelling of climatic data, flood simulations, the monetisation of flood risk and
real options evaluations. Thus, this chapter helps understand the use of the data and methods
shown in this thesis.

4.1 The overview of real options analysis in climate change adaptation

This chapter adjusts the framework of real options analysis used in financial sectors for
climate change adaptation in particular, the upgrade of coastal defense. In a broad sense, real
options analysis addresses two essential issues: (1) how to define and model uncertainty; and
(2) how to evaluate real options including flexibility under the modelled uncertainty (Dixit
and Pindyck, 1994; Park, 2002; Yang and Blyth, 2007). For uncertainty modelling, real
options analysis needs to consider how uncertainties from various sources such as sea-level
rise and extreme still water levels affect option values. On the other hand, the evaluation of
real options is relevant to the estimation of the monetary value of their flexibility against the
modelled uncertainty. The monetisation of flexibility is a unique feature of real options
analysis compared to traditional option evaluations (i.e. cost-benefit analysis) as it quantifies
an opportunity to observe and learn the future (Woodward et al., 2104). Thus, the option
evaluation is based on the explicit explanation of relationship between uncertain variables
and option values.
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The procedure of real options analysis in climate change adaptation is structured as follows:
(1) collection of data; (2) uncertainty modelling; (3) setting-up of real options; (4) flood risk
analysis; (5) estimation of expected annual damage (hereafter, EAD) and expected annual
benefit (EAB); and (6) option evaluation. All the processes are designed to estimate the
values of real options for the given uncertainty of sea-level rise. Thus, the results enable us to
compare the candidates of real options (e.g. deferrable adaptation option or future growth
options) in quantitative terms. This thesis also assesses the real options under various socio-
economic scenarios by employing different future growth rates in option evaluations. Figure

4.1 illustrates an analytical framework of real options analysis for climate change adaptation.

Collecting Uncertainty Flood Real Option
data Modelling Simulation Valuing
T T T
+ Sea-level rise * Future projection of » 2D dynamic inundation * Valuing real options
» Extreme Water Level coastal flooding affected modelling for cases with including flexibility
+ Wave by sea-level rise and without intervention * Net present value (NPV)
* Lidar DEM v * Investment timing
+ Property information. l : :
Estimation of
. Damages(£)
Setting-up of
real options Assessment
3 of real
Estimation of options
» Enhancement of coastal Benefits(£)
defence
* Incorporating flexibility .
in options + Assessmentof expected * Economic performance

+ Estimating investment cost

annual value of benefit
as the performance of option

» Risk reduction
* Immunity against

against sea-level rise uncertainty

* Future growth rates x Benefits

Figure 4.1 Framework of real options analysis for coastal flooding under sea-level rise

The option evaluation process follows guidance and instruction provided by Environment
Agency in UK (EA, 2010). Each component of real options analysis adjusted in this thesis is
mainly based on Dixit and Pindyck approach (1994) which provides various methods for real
option analysis. However, this approach provides only the theoretical background of real
options analysis with some examples of its application in ideal cases such as financial
investments or idealised projects. As climate change adaptation is a more complicated and
uncertainty is surrounded by various factors, it is difficult to apply the approach to coastal
flooding without adjustment. All the data in this thesis are provided by UK government and
other relevant research. Thus, the method explained in this chapter is considered to be
reproductive for any other cases where coastal flooding needs to be managed in the UK
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regions. The following chapters explain generic methodologies required for flood risk

analysis and real options analysis as listed.

4.2 Data collection and analysis for uncertainty modelling

This thesis employs extreme still water levels, waves and sea-level rise projections to
simulate coastal flooding. Also, all the data are combined to describe the uncertainty of
coastal flooding that may occur under sea-level rise. This section gives a detailed account of

uncertainty modelling process.

4.2.1 Extreme still water level

Extreme still water level (hereafter, termed ESWL) is a widely used concept as loading
conditions for coastal flooding and defense designs (McMillian et al., 2011). The data for
ESWL are provided at every point spaced 2km along the whole coastline of the UK (Batstone
et al., 2013). The ESWL means the elevation of seawater surface in extreme storm surge
events (McMillian et al., 2011). This is a consequence of combination of astronomical tides
and meteorologically generated skew surges as shown in Figure 4.2 (McMillian et al., 2011;
Haigh et al., 2016). ESWL dataset for every point is expressed with a set of magnitudes and
their recurrence periods to represent the uncertainty of extreme sea level events in a statistical

way.
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Figure 4.2 lllustration of extreme still water levels (McMillian et al., 2011)
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The data points of ESWL are selected in the nearshore area around Lymington (i.e. P1 to P4
in Figure 4.3). The base year of ESWL data is 2008. EA provides these data points by an
Arc-GIS shapefile which includes the magnitudes and occurrence periods of storm surge

events as attribute data in the corresponding tidal zones (McMillian et al., 2011).
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P4 1.63 1.88 2.03 2.09 2.15 2.28 2.46

Figure 4.3 Locations and attributes of extreme still water levels in Lymington and Milford-on-
Sea (McMuillian et al., 2011) - The reference of water level throughout this thesis is mMAOD

(metres above Ordnance Datum, which is approximately mean sea level)

The value of ESWL decreases by 0.08m at every move of point location from P1 to P4 for
each return period, or about 0.05m/km. Compared to the rate of sea-level rise (< 2 mm per

year) in the Solent (Haigh et al., 2009; 2011), this spatial variation is considered significant in
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the flood simulation of a storm surge event. Thus, we assume that the spatially-varying

ESWLs with the same return period occur simultaneously at each location.

The choice of a probability distribution for ESWL is required to estimate the likelihood of
flooding from extreme sea-level events (Wahl et al., 2017). However, for the convenience of
calculation and data fitting, this method adopts exponential distribution as shown in Figure
4.4. The cumulative distribution function F (x) and probability density function f(x) of
extreme still water level at Py is represented by equations (1) and (2), respectively (Here, x:
ESWL).

Fx)=1 - e (=10.2701+(x~1.89)) @

£(x) = 10,2701 e(-102701:(x-189) @

\ = Extreme still water level from McMillian (2011) \
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Figure 4.4 Comparison of extreme still water levels by McMillian et al. (2011) with estimates

of extreme still water levels obtained by an exponential distribution for Lymington (R? = 0.99)

The exponential distribution is useful and manageable, when statistically combining sea-level

rise and return period extreme still water levels as shown in equations (3) and (4).

X; = Xg + SLRL (3)
E(x;)) = E(xo) + SLR; (4)
Var(x;) = Var(xy+ SLR;) ()
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Here, xo is a stochastic variate representing return period extreme still water levels at the base
year (2008) and SLR; is deterministic or stochastic variable representing sea-level rise at year
i. x; Is the stochastic variate of extreme still water level at year i. E (x;) is the mean of x; at
year i and Var(x;) is the variance of x; at year i. The cumulative distribution function (CDF)
and probability density function (PDF) for extreme still water level at the base year of 2008 is
drawn in Figure 4.5. The probabilistic representation of ESWL enables the statistical
simulation of storm-surge events whose magnitudes and occurrences are uncertain (Willow et
al., 2003).

—— Cumlative Distribution Function —— Probability density function
X Extreme Still Water Level by McMillian (2011)

L [
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F(x) = 1 - exp(-10.2701*(x-1.89)) 4 f(x) = 10.2701 exp(-10.2701*(x-1.89))
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1.8 2.0 2.2 2.4 26 28 1.8 2.0 2.2 2.4 26 28
ESWL (mAOD) ESWL (mAOD)
(a) (b)

Figure 4.5 (a) Cumulative probability distribution (CDF) and (b) probability density function
(PDF) for extreme still water level at Station P1 in the base year of 2008

4.2.2 \Waves

The data of ESWL does not consider the effects of waves (McMillian et al., 2011). Waves
also increase the likelihood of coastal flooding, although waves may be less influential than
storm surges in inundation modelling (Fox, 2009). In addition, the study site is sheltered due
to the presence of the Isle of Wight and Hurst Spit. Salt marshes in the foreshore around
Lymington and Pennington also mitigate the impact of waves on the floodplains (Cope et al.,
2008; Wadey et al. 2013). Thus, wave effects on coastal flooding are considered to be small
when comparing to the effects of high still water levels in the case of Lymington. Table 4.1
shows the return periods and magnitudes of waves around Lymington and Milford-on-Sea.
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Table 4.1 Wave return periods for the Lymington area from Wadey (2013)

Return period for significant wave height (m) 10™ March 2008
Site Data range

1 10 50 100 200 Hs(m) | Tp(s)
Lymington 1991-2002 | 1.09 1.20 1.28 1.31 1.34 0.91 3.3

Overtopping volume by waves is subject to a freeboard which is a distance between the
surface of still water level and the crest of coastal defence. Thus, overtopping rates
continuously change over time due to continuous change in the elevation of seawater surface
during a storm surge event. The mechanism of seawater overtopping crests is illustrated in
Figure 4.6 (Reeve and Burgess, 1993). Overtopping rate is calculated by dividing an overall
overtopping volume with its duration. Following the previous study (Dawson et al., 2005),
overtopping rate (I/m/s) is converted to an equivalent height by using a weir formula. Then,
the equivalent height is uniformly added to a time-series of still water level during a flood
simulation (HRW, 2003; Wadey et al., 2012). However, if the water level exceeds the crest
level of coastal defense, overflowing prevails over overtopping. For this reason, the
equivalent height by waves is limited up to 0.2m - which is recommended as a maximum

equivalent height of wave overtopping in flood simulation (HRW, 2003; EurOtop, 2016).
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Figure 4.6 Sea wall failure modes (Reeve and Burgess, 1993) - The image is copied from the

thesis of Wadey (2013)

A number of studies provide empirical formulas of mean overtopping discharge for various
conditions such as types of defence structure, seaward slopes of coastal defence, crest heights
and roughness (HRW, 2003; 2004; EurOtop, 2016). This thesis adopts an overtopping
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volume formula from Owen (1980) to estimate overtopping discharges over sloping coastal

defences which are the most common type of coastal defence in Lymington.

The Owen (1980) formulation explains overtopping volume by using a dimensionless
discharge (Q.) and freeboard (R.). This formulation also reflects the shape and slope of
various coastal defences by empirically determined coefficients (A, B) as shown in equation
(6), (7) and (8).

Q. = Aexp(—B X R,/1) (6)
Q* = Q / (g Tm Hs) (7)
R. = R, /(T (g Hs)®®) (8)

Here, Q: overtopping discharge rate per unit length of defence
H,: significant wave height (m) at the toe of structure
T, : wave period (s) at the toe of structure
R, : crest freeboard
r . roughness coefficient
A, B: empirical coefficient

R, : dimensionless freeboard

The mean overtopping rate and the proportion of waves causing overtopping have been
estimated in association with the time-series of extreme still water levels (EurOtop, 2016).
For the analysis of wave overtopping, this research adopts the standardised time-series of still
water levels for Lymington, which were drawn from the most recent coastal flood event of
the 10" March 2008 event. The standardised time-series of extreme water levels are shifted
up or down by the difference of peak water levels between the 2008 flood event and the
simulated flood event. As the still water level time-series provide information on water
surface levels on an hourly basis during a cycle of a flood event (about 12 hr), the hourly
change in water surface level provides the estimates of crest freeboard (R¢). The procedure to
calculate the overtopping discharge follows a standard manual provided by EurOtop (2016).
The characteristic of a seawall in the above formulation is defined with constants A and B
representing the slope of the coastal structure and the roughness of its surface, respectively
(Owen, 1980). Thus, if the slope and roughness of a seawall and its crest freeboard is known,
this formulation provides an approximate overtopping discharge for a certain wave height
(Hs) and wave period (Tp). There are various types of the coastal defences with different
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slopes (1:2 to 1:5) in Lymington. For the analysis of wave overtopping rates, the shape and
roughness parameters (A, B) of coastal defence are taken from the most vulnerable section of
the Lymington defences. This leads the wave overtopping volumes to be over-estimated in
some parts of the coastal defences. However, since difference in overtopping volume due to
the defence parameters is relatively small in comparison to the effect of freeboards, this thesis
assumes that the choice and simplification of the defence parameters have little effect on
flood simulations.

By the calculation of wave overtopping rates for various peak water levels, this thesis has
established a relationship between peak water levels and wave overtopping volumes (in
height) as shown in Figure 4.7. The numerical relation enables us to deterministically
generate wave overtopping volumes for peak water levels which are the highest water levels
during the time-series of water levels. The overtopping volumes by waves highly rely on
water levels during a flood event. Thus, this thesis assumes the overtopping volumes to be
dependent on water levels (i.e. ESWL+SLR). This helps reduce computational time for
statistically integrating waves, extreme water levels and sea-level rise. The process to
calculate wave overtopping rates is well documented in Appendix A.
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Figure 4.7 A relation between overtopping rates and water levels (= ESWL + SLR) for the

wave conditions (Hs =0.91m and Tp =3.3s) in Lymington
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4.2.3 Sea-Level Rise Scenarios
A. Characteristics of sea-level rise from UKCP 09

Sea Level Rise (SLR) data are taken from UKCP 09, which provides multiple sea-level rise
scenarios (e.g. Low, Medium and High) between 1990 and 2100 (Lowe et al., 2009). The sea-
level rise scenarios of UKCP 09 are represented with probabilistic projections consisting of
the most likely trajectories and their probabilistic ranges. The relative sea-level rise (RSLR)

is adopted for flood risk analysis in the coastal area of Lymington.

The UKCP 09 scenarios consider three sources of uncertainty on the projections of SLR: (1)
scenario uncertainty is associated with the emission of greenhouse gases, global warming,
aerosols and the responses of earth or ocean systems to global warming; (2) internal climate
variability comes from natural variation in atmospheric and oceanic circulations which have
influence on climate change model conditions; and (3) modelling uncertainty is attributable to
the various sources of climate model inputs and assumptions, modelling errors, and the types
of global climate change models (Lowe et al., 2009). UKCP 09 data represent these
uncertainties with the sea-level rise trajectory and its probabilistic range for each scenario.
Given a set of sea-level rise scenarios, the probabilistic ranges of sea-level rise projections
are considered as an effective way to quantify the uncertainty of sea-level rise (Lowe et al.,
2009).

There is also a strong need for the most extreme, but very unlikely, scenario for flood risk
management (Lowe et al., 2009; Nicholls et al., 2014; Hinkel et al., 2015). This scenario is
called an H++ SLR scenario in UKCP 09. For a sensitivity purpose, we have produced an
H++ scenario for Lymington by scaling up the central estimate of the High SLR scenario in
Lymington with the ratio of the H++ SRL scenario to the High SLR scenario at the global
scale suggested by Nicholls et al. (2014). The H++ SLR scenario for Lymington projects sea

levels to rise by up to 1.78m on average in 2100.

This thesis also includes the current trajectory of sea-level rise in the analysis. This is the
most realistic reflection of sea-level rise based on the observation of the past sea-level rise
around Lymington (Haigh et al., 2014). This projection includes the strong memory of sea
level due to the role of climate sensitivity which is the response of sea level to greenhouse
emissions (Nicholls et al., 2014). The rate of sea-level rise is recorded to be 1.4mm/yr in
Southampton gauge which is the nearest point from Lymington with the long-term record on
sea levels from 1935 (Haigh et al., 2104). For convenience, the current sea-level rise is

118



Chapter 4. General Methodologic Background

termed to be the Historical trend SLR scenario. All the trajectories of SLR scenarios have

been presented in Figure 4.8.
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Figure 4.8 Sea-level rise projections from 1990 to 2100 for each SLR scenario in Lymington
— The High ++ SLR is made by scaling-technique using the data from Nicholls et al. (2014),
High, Medium and Low SLR scenarios have been taken from UKCP 09, and the Historical

trend scenario (1.4mm/year) is based on the observations from Haigh et al.(2009).

B. Representation of uncertainty of sea-level rise

This thesis takes two approaches to incorporate the uncertainty of sea-level rise projections
into coastal flooding. The first method takes only the central estimates (i.e. the 50" percentile
line) of the sea-level rise projections. This is statistically the most likely value during the
period of sea-level rise. In this method, this approach just adds mean sea-level rise to the

magnitude of climatic variables (i.e. extreme still water levels and waves).

The second method employs Brownian motion to describe the evolving pattern of sea-level
rise in UKCP 09. Brownian motion is a simple way to represent a stochastic process with the
small number of parameters. This enables us to simulate a realistic description of random
changes in uncertain variables (i.e. sea-level rise) over time by calibrating drift (a) and
variance (o) parameters. The usefulness of Brownian motion has already been demonstrated

in many other areas such as economics, physics and statistics (Dixit and Pindyck, 1994;
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Gersonius et al., 2013; Abadie et al., 2016). This thesis assumes that the Brownian motion is
similar to the behaviour of sea-level rise for some reasons. Firstly, sea-level rise is a
consequence of physical interactions between the earth and the oceanic systems (Nicholls et
al., 2014). The effects of physical and oceanic processes on sea-level rise are likely to
continue for a long-term period over and beyond the 21% century. However, the amount of
sea-level rise varies, with large uncertainty, depending on oceanic circulations, changes in
regional gravity, land lift/subsidence and any other factors for a given emission scenario
(Nicholls et al., 2014).

Secondly, IPCC dataset represents each sea-level rise projection with a long-term expectation
and its probabilistic range (Lowe et al., 2009; IPCC, 2007, 2014). The normalised
probabilistic range of the sea-level rise projection implies that a particular amount of sea-
level rise in the real world will be observed within a symmetrical probabilistic range with a
certain chance (IPCC, 2014; Hinkel et al., 2015). Thus, one of sea-level rise simulations by
Brownian motion emulates such a stochastic property of IPCC or UKCP 09 data because any
change in the stochastic process of Brownian motion over a time interval is assumed to
follow a normal distribution. In this regard, the Brownian motion is considered to be a proper

statistical expression to represent the uncertainty of sea-level rise for IPCC.

The method to calculate the drift and variance parameters for the Brownian motion is detailed
in Appendix B. This thesis takes General Brownian motion. For discrete time (At = 1), the

General Brownian motion has a discrete form in equation (9).

Xepq1 — X¢ = a(x, t)At + b(x, t)Az ©
=a(x,t) + b(x,t)e

v Xepr = X +alx, t) + b(x, t)e

Here, x:.1, x; : variables at time t and t+1, respectively
a(x,t), b(x,t): any function of variable x and time t

€ : arandom variable normally distributed with p of 0 and o of 1

The former parameter a(x, t) is computed by fitting the long-term expectation of Brownian

motion to the central trend (the 50" percentile) of a sea-level rise projection whereas the latter
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parameter b(x, t) is evaluated by fitting the variance of the Brownian motion to the variance
of sea-level rise by UKCP 09 at any time t. However, it is difficult to find a variance function
b(x, t) which represents the uncertainty range of sea-level rise projection of UKCP 09. This
is because the width of sea-level rise range in UKCP 09 keeps increasing with time. Thus,
this thesis assumes that the variance function b(x, t) at time t increases according to the
variance (o) of sea-level rise at time t, which is the width of the 5 and 95" probabilistic
boundaries of sea-level rise divided by 1.645 (Refer to Figure B.2 in Appendix B). Therefore,
the formula of the variance parameter is shown in equation (10)

O

b(x,t) = ——v (10)

V(@ —to)

Here, b(x,t): avariance function of variable x and time t
o, a variance of sea-level rise at time t from UKCP 09

to: a starting year of sea-level rise projection (i.e. 1990)

The time-series of the General Brownian motion with the stochastic property of UKCP 09 are
simulated by a programmed spreadsheet (Refer to B.7 in Appendix B). The result of the
General Brownian motion for a sea-level rise projection is shown in Figure 4.9. When the
average rate of sea-level rise and its standard deviation during the projected period are
estimated by a least square method, the estimated stochastic properties are similar to those of
the currently observed sea-level rise at Southampton. For instance, in the High SLR scenario,
the rate and standard deviation of time-series of sea-level rise randomly generated from the
General Brownian motion are estimated to be 3.3~7.5 mm/year and 0.07~0.19mm/year,
respectively. The observed rate and standard deviation of sea-level rise in Southampton

gauge is 1.4mm/year and 0.18mm/year, respectively (Haigh et al., 2010).
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Figure 4.9 Examples of time-series of sea-level rise by General Brownian motion for High

SLR scenario

For the validation of Brownian motion, this thesis has estimated the mean and variance of the
probability distribution of sea-level rise in 2100. For denotation, the mean and variance in
2100 is termed py190 and o440, respectively. The demonstration has randomly generated
10,000 time-series of sea-level rise by the General Brownian motion and, then, constructed
the probability distribution of sea-level rise at 2100 as shown in Figure 4.10. The generated
probability distribution by the General Brownian motion shows a normal distribution with a
similar mean value with UKCP 09. However, the standard deviation is little smaller than that
of UKCP 09.
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Figure 4.10. Comparison of the probabilistic ranges of stochastic variables of sea-level rise in
2100 by adjusted General Brownian motion and UKCP projection for the High SLR scenario

— Note that there is no difference in mean between adjusted GBM and UKCP 09
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4.3 Integration of climatic variables for uncertainty modelling

Sea-level rise increases the risk of coastal flooding (Wabhl et al., 2017). It will affect the
magnitude and frequency of coastal flood events by shifting up the level of storm surges
(Lowe et al., 2009; Ranger et al., 2013; Woodward et al., 2014; Wolf et al., 2015; Haigh et
al., 2017). This analysis assumes that sea-level rise is independent of extreme still water
level. In fact, the wind stress forcing is distributed over a different level of sea-water so that
change in sea level affects the propagation of surges and tides. However, these effects are
ignorable in combining sea-level rise and extreme still water level (Lowe et al., 2001). This
assumption allows the thesis to simply sum extreme still water levels and sea-level rise. The
integration process for storm surge events, sea-level rise and waves is illustrated by flow
chart in Figure 4.11. Firstly, this method sums extreme still water levels and sea-level rise in
every year during the SLR projection period. Secondly, we estimate overtopping rates in
height which are assumed to be dependant only on the water surface levels (i.e.
ESWL+SLR). Lastly, the estimated overtopping rate (m) is added to the water surface levels.
As ESWL+SLR is stochastic variable, ESWL+SLR+WAVE is also stochastic variable (This
thesis, hereafter, terms water levels including overtopping rates ESWL+SLR+WAVE).

This process takes a numerical approach by employing a probability simulation programme
based on Monte-Carlo method (@Risk) which is an added-in programme to Microsoft Excel.
This combined programme allows for the construction of probability distributions of newly
generated variables and the estimation of statistical properties of the variables. @Risk

programme helps analyse stochastic variables in a numerical way (Palisade, 2018).

Wave conditions . )
terative calculations
(Hq, Tp)
Defence Overtoppingrates Overtopping rates Loading conditions|
structure (xwave) (xwave) (XEswi+SLR+wavE)
Water levels Formula for overtopping &
(XewsLesLr )
I Water levels
(Xgswi+sLr)

Combination of overtopping rates
(dependant variable) with ESWL+SLR

Figure 4.11 A process to construct the probability of wave, still water level and sea-level rise
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A. Mean sea-level rise (MSLR)

Firstly, for the integration, we use MSLR for the simulation of coastal flooding. This will
provide how the probability of extreme still water levels changes according to each MSLR
scenario. The inverse function of Cumulative Distribution Function (CDF) is shown in
equation (11). In order to randomly generate the annual maximum values of extreme still
water levels for any year, the cumulative probability (F(x)) is substituted by an evenly

distributed random value (R) between 0 and 1.

ESWL =1.89 —

. _ 11
102701 " InA =R (D

Here, ESWL: Random variable of extreme still water level

R: Random values evenly distributed between 0 and 1

Sea-level rise and extreme still water levels are combined over the period between 2008 and
2100. The random time-series of ESWL are simply superposed on MSLR (= ESWL+MSLR).
Thus, sea-level rise shifts up the likely range of ESWL with time.

As wave overtopping rate is highly dependent on the water surface level (i.e. ESWL+SLR),
the wave overtopping rate in height is expressed as a function of water surface level by
equation (12). This estimated overtopping rate has been added to the corresponding ESWL +
SLR. The result is shown for the High MSLR scenario in Figure 4.12.

WAVE = 0.1442 (ESWL + SLR) — 0.1634 (m) (WAVE < 0.2)
WAVE = 0.2 (m) (WAVE >0.2)

(12)

The 5™ and 95™ percentiles every 20 years from 2020 to 2100 are estimated by the sampling
process of ESWL+SLR+WAVE using @ Risk programme. Those values for the intermediate
years are interpolated by data-fitting. Thus, this thesis provides the trajectories of 5 and 95"
percentiles during the 21°% century. The stochastic variables of ESWL+MSLR+WAVE are
observed within the 5™ and 95" percentile range. Note that the chance of the variable of
ESWL+MSLR+WAVE being observed within this range is 90% in a statistical sense.
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Figure 4.12 The results of uncertainty modelling of ESWL+MSLR+WAVE for the High sea-
level rise scenario —The results of ESWL+MSLR+WAVE for other MSLR scenarios are shown
in Appendix C.

B. Sea-level rise by General Brownian motion

This thesis has also combined extreme still water levels with random time-series of sea-level
rise created by the General Brownian motion for each SLR scenario. The sea-level rise

described by the General Brownian motion follows equation (13).

Xep1 =Xe+axt+ P+ o/t —tg*€ (13)

Here, x;,1,x; : random variable of sea-level rise at time t + 1 and t, respectively
t: time in year
to: the start year of UKCP 09 projection (=1990)
a, [ constants for a drift function
o, : avariance at time t from UKCP 09

e: anormally-distributed random variable (mean = 0 and standard deviation = 1)
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The thesis combines sea-level rise, described by General Brownian motion, with extreme still
water levels in a numerical way. By summing equation (8) and (13), this process produces the
time-series of ESWL over Brownian sea-level rise at any time t in equation (14). For

denotation, this thesis terms ESWL over sea-level rise at any time t to be ESWL + SLR;

1
ESWL + SLR,y, = [1.89 — Toz707 * In(1 - R)]
+[SLR; + a x (t) + B + 0, /[t — to * €] (14)

Here, ESWL + SLR,: extreme still water level over Brownian sea-level rise at year t
R: arandom variable evenly distributed between 0 and 1
SLR; : sea-level rise at year t by General Brownian motion
a, [ constants for the deterministic motion of General Brownian motion
o;. a variance at year t from a UKCP 09 probabilistic projection
t : time in year (Here, t, = a starting time of the UKCP 09 projection)
e: a normally distributed random variable (mean = 0 and standard deviation = 1)

The equation (14) enables us to simulate the time-series of random values of extreme still
water levels plus Brownian sea-level rise. Two random variables (R, €) in equation (14) is
independent of each other. By generating a great number (i.e. 10,000 times) of variables of
ESWL+SLR;, we can construct a probability distribution of ESWL+SLR: numerically. The
overtopping rate in height has also been added to the corresponding ESWL+SLR; by using
the wave-water level relation in equation (12). The stochastic properties of ESWL+SLR+
WAVE have been measured by @Risk programme with the results represented by the 5",
50" and 95™ percentiles over time. All the central values and the 5™ and 95" percentiles of
ESWL+SLR+WAVE are plotted during the projection of sea-level rise. The result of
ESWL+SLR+WAVE is shown for the High SLR scenario in Figure 4.13. For other SLR
scenarios, refer to Appendix D.

As seen in Figure 4.13, the time-series of extreme still water level, sea-level rise and waves
(black solid line with dots) lie within the boundary of the 5 and 95™ percentile lines.
Comparing to the cases of MSLR, the distance between the 5" and 95" percentiles from the
General Brownian motion is wider than that from MSLR. This is mainly due to the
uncertainty of climate change models in UKCP 09.
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Figure 4.13 The results of uncertainty modelling of ESWL+Brownian SLR+WAVE for the
High SLR scenario — Note that SLR and Wave are plotted on y-axis on the right.

C. Implication of results from MSLR and Brownian SLR

These integrated loading conditions of ESWL+SLR+WAVE have important implications for
flood risk analysis and option evaluation. Firstly, a numerical approach has been used to
produce the probability of combined loading conditions for each year during the 21st century.
The probability of the loading condition in any year can be reconstructed by randomly
generating a large number of the time-series of ESWL+SLR+WAVE. Thus, this numerical
approach enables us to statistically generate flood loading conditions during the 21% century
under the non-stationary state.
Secondly, a random variable of ESWL+SLR+WAVE at any given year reflects all the
statistical and physical properties as a consequence of combinations of sea-level rise, extreme
still water level and waves. Thus, the random variable is considered as a proper tool, at least
in this thesis, to communicate uncertainties from all the components of flood loading.
Thirdly, this numerical approach combines different types of uncertainties together. The
uncertainty of sea-level rise comes from climate change model outputs and future emissions
(Lowe et al., 2009) whereas the uncertainty of extreme still water level is based on internal
variability from the long-term observations of extreme water levels (McMillian et al., 2011).
Thus, as the different types of uncertainties have been represented by their own probabilities,
the combined variables have different probabilities from their own probabilities. This
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probabilistic combination helps estimate the probability of coastal flooding for Lymington
based on the existing dataset.

Lastly, as seen in Table 4.2, there is little difference in the mean value () between the cases
of MSLR and Brownian SLR. On the other hand, the standard deviation (o) in the case of
Brownian SLR is larger than that of MSLR. This implies that the choice of MSLR or
Brownian SLR does not have influence on the result of option evaluations because the
options are assessed on the averaged values. This will be further investigated in estimating
expected annual benefits or damages.

Table 4.2 Comparisons of stochastic properties (u: mean and o: standard deviation) of random
variables of ESWL+MSLR+WAVE and ESWL+Brownian SLR+WAVE (Unit: mAOD)

ESWL+MSLR+WAVE ESWL+ Brownian SLR+WAVE
SLR Year Remark
U g U o
2008 2.15 0.11 Brownian motion
is not defined for
2020 2.35 0.11 H++ SLR
2040 2.71 0.11
H++
2060 3.07 0.10
2080 3.48 0.10
2100 3.94 0.10
2008 2.15 0.12 2.15 0.11
2020 2.21 0.11 2.21 0.11
High 2040 2.31 0.11 2.31 0.12
i
& 2060 2.43 0.11 2.43 0.13
2080 2.57 0.11 2.56 0.15
2100 2.72 0.11 2.71 0.18
2008 2.13 0.11 2.14 0.11
2020 2.18 0.11 2.19 0.11
2040 2.27 0.11 2.28 0.12
Medium
2060 2.37 0.11 2.38 0.12
2080 2.49 0.11 2.50 0.14
2100 2.61 0.11 2.63 0.15
2008 2.13 0.11 2.13 0.11
2020 2.17 0.12 2.17 0.11
2040 2.24 0.11 2.25 0.12
Low
2060 2.33 0.11 2.33 0.12
2080 2.42 0.11 2.43 0.13
2100 2.53 0.11 2.53 0.14
2008 2.10 0.11 2.10 0.11 Brownian motion
is based on the
2020 2.12 0.11 2.12 0.11 observed data at
Historical 2040 2.15 0.11 2.15 0.11 Southampton
Trend gauge
ren 2060 2.18 0.11 2.18 0.11 (1.30.18mm/yr)
2080 2.22 0.11 2.21 0.11
2100 2.25 0.11 2.24 0.11
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Chapter 4. General Methodologic Background

4.4 The setting-up of coastal defence in climate change adaptation

4.4.1 Types of real options: Option to wait and to grow

The real options analysis in this thesis is aimed to assess the performance of coastal
adaptation options including flexibility under the uncertainty of sea-level rise. There are
many other available adaptation options such as flood warning system, flood insurance and
regulation of land use that are all plausible against the increasing risk of coastal flooding.
However, the characteristic of real options is salient only when the investment is irreversible
(Dixit and Pindyck, 1994). Thus, reversible adaptation options such as flood warning and

insurance are eliminated in considering real options for coastal adaptation.

This research considers two approaches to raising the crest level of coastal defence. Firstly,
the upgrade of coastal defence adopts a single adaptation path in which to raise the crest of
coastal defence at once. Once the investment is completed with a large amount of cost, this
adaptation option will be irreversible. As reviewed previously, a single irreversible, but
deferrable, option is defined as an ‘option to wait’ (Park, 2002; De Neufville, 2003;
Woodward et al., 2013). As long as a choice either to invest, or to defer, is alive, flexibility
still remains in the option. An example for an option-to-wait case is conceptually illustrated
with a 1-in-200-year ESWL over sea-level rise (Figure 4.14).

7.0 4

6.5 Elevation of coastal defence
6od | Trajectory of a 1-in-200 year ESWL by H++ SLR
------- Trajectory of a 1-in-200 year ESWL by High SLR

55
50 4
45
4.0
3.5 4
3.0
2.0 ]

15
104
05
0.0-

3.5mAOD upgrade

Water Level (mAQOD)

T T T T T T T
2000 2050 2100 2150
t; Year

Figure 4.14 Adaptation path for an option to wait (i.e. raising coastal defence up to 3.5 mAOD)
against an increasing 1-in-200 year extreme still water level due to sea-level rise in Lymington.

Here, t; is an investment time for the upgrade of coastal defence.
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The first upgrade scheme is to raise all the coastal defence uniformly up to 3.5 mAOD at
once. Therefore, the upgraded coastal defence can, at least, protect floodplains in Lymington
from coastal flooding equivalent to a peak water level of 3.5 mAOD. Since the peak water
level recorded in the 2008 flood event was 2.14 mAOD, the 3.5 mAOD level coastal defence
may be considered as an over-adaptation. However, this upgrade plan of raising the coastal
defence to 3.5 mAOD sufficiently protects Lymington from coastal flooding during the most
period of projected sea-level rise. However, if sea-level rise follows the fastest growing rate
in the H++ SLR scenario (i.e. 2.54cm/year), storm surge events are more likely to occur over
extremely high tides raised by sea-level rise. This will lead to Lymington being more
frequently exposed and vulnerable to coastal flooding. Thus, the coastal defence raised up to
3.5 mAOD may not be enough to protect Lymington in the future under the H++ SLR

scenario.

The second approach is to take multiple-stage options or pathways for the upgrade of coastal
defence. This enables decision-makers to adjust adaptation options in response to sea-level
rise. This thesis considers two or three stages of sequential investments for the coastal
defence upgrade. The crest of coastal defence will be raised from current level
(approximately 2.5 mAOD) through 3.0 mAOD, or 3.5 mAOD, to 4.0 mAOD in stages. This
type of option is referred to as ‘option to grow’ or ‘real options in system’ (Dixit and
Pindyck, 1994; Park, 2002; De Nuefville, 2003) because the flexibility of future extension
should be incorporated in the coastal defence upgrade system. The concept of ‘option to

grow’ is illustrated in Figure 4.15.

As seen in Figure 4.15, the flexibility of future extension enables us to have multiple
adaptation paths for the upgrade of the coastal defence. For the case of option-to-grow, the
investment decisions on the height of the upgraded coastal defence depend on the rate of sea-
level rise in the future. Thus, the second or remaining investment options are also the right

but not the obligation in the case of option-to-grow.
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7.0 5

6.5 2 —— Elevation of coastal defence

6ol | Trajectory of a 1-in-200 year ESWL by H++ SLR
B B Trajectory of a 1-in-200 year ESWL by High SLR -

5.5 1

50
45-
4.0-: |

35-
3.0 —[

2.0_-

151
1.0
0.5 -]
0.0

Water Level (mAOD)

2000 f 2050 2 5 2100 2150
Year
Figure 4.15 The schematization of option to grow for the multiple-stage adaptation of defence

upgrade against increasing extreme still water levels due to sea-level rise. Here, t1, t>and ts are

investment times for the corresponding upgrades of coastal defence, respectively.

For the multiple-stage adaptation options, this thesis considers raising the crest level of the
coastal defence up to 3.5 mAOD in two stages. The first stage raises the crest level of the
coastal defence up to 3.0 mMAOD and the next stage, if necessary, raises the crest level up to
3.5 mAOQOD in response to sea-level rise. If sea-level rise does not take an extreme path, the
first investment will be left without a further upgrade. Another adaptation pathway is to raise
the crest level to 4.0 mAOD in two or three stages. This adaptation path incurs a larger
investment cost than the previous path up to the 3.5 mAOD because it requires additional
measures or plans to meet the high standard of protection such as the wider base area of the
coastal defence or the acquisition of the adjacent land. In this upgrade scheme, more flexible
and diverse pathways are possible by transforming a single large investment into two- or

more- stage sequential investments.

The possible sets of adaptation pathways are conceptualized in Figure 4.16. For simple

expressions, this thesis denotes U;_, ; to an adaptation measure of raising the crest of coastal

defence from the initial height (i) to the upgraded height (j). For instance, upgrading coastal

defence from the current level to 3.5 mAOD is expressed by U._3 s,, (Here, subscript ¢

denotes the current state of the coastal defence). This terminology also represents a set of

multiple-stage adaptation paths by putting terms together in a sequential order. For example,
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a two-stage defence upgrade from the current level through 3.0 mAOD to 3.5 mAQOD are
denoted by U,._5 om * Us.om—3.5m- Thus, this representation for the single- or multiple- stage

adaptation paths is used throughout this thesis.

Sea-levelrise

A. The upgrade Current level === 3.0M upgrade
up to 3.0 mAOD

Uc—:i om

Current level === 3 0M upgrade === 3 5M upgrade
U(' +3.0m U3.D +3.5m
B. The upgrade Do nothing
up to 3.5 mAOD
- 3.5M upgrade
Ugsasm

Current level === 3. 0M upgrade =g 3 5M upgrade =g 4 0M upgrade
Uc—'j.um US.LI—-}.Sm U:i.Sm—uLum

Do nothing

» 4.0M upgrade

U3.0 =40

C. The upgrade Do nothing
up to 4.0 mAOD

P 3.5M upgrade = 4 0M upgrade

U(' +3.5m US.Sm w401

Do nothing

4.0M upgrade

”ca'l.l.’lm

Figure 4.16 Illustration of possible options and pathways for the upgrade of the coastal defence
up to (a) 3.5 mAOD and (b) 4.0 mAOD, respectively.

4.4.2 Analysis of investment costs for adaptation paths

The inclusion of the flexibility requires an additional expenditure to be paid in the design of
coastal defence (Woodward et al., 2013; 2014). Widening the base of coastal defence for
future extension is a good example as explained in Figure 2.4 (De Nufeville, 2003; Dobes,
2010). This study assumes that dividing a single-stage option into two or three phases of
sequential options causes additional costs. The increased costs are also considered as

variables that affect investment decisions on future extension. The increase in the overall cost
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of an adaptation option is defined as a premium cost to be paid for flexibility in this thesis.
The premium cost is required for the inclusion of flexibility in coastal defence adaptation. If
not, the multiple stage adaptation option at no price of premium costs would be always a
better option than the equivalent single-stage adaptation option. Thus, the payment of the
premium cost enables decision-makers to have the right, not the obligation, either to upgrade
the coastal defence or to drop the option in the future. In this respect, the premium cost

conceptually corresponds to the price of a call or put option premium in financial markets.

In practice, the whole life costing is a very complicated process to analyse and identify all the
relevant expenditures for the acquisition and use of an asset (EA, 2015). In order to estimate
the whole life costs, all the processes from planning through construction to monitoring need
to be thoroughly considered. The key element costs for upgrading coastal defence are (1)
procurement and design costs; (2) capital construction costs; (3) operation and maintenance
costs; (4) monitoring costs; and (5) replacement costs. As the acquisition of infrastructure in
general takes many years, the estimated cost of constructing coastal defence varies with time
depending on site contexts such as the varied nature of works required, site conditions and the
costs, availability and source of materials (EA, 2015). Thus, the investment cost is also
uncertain variable. In addition, including an intentional delay in construction work will add
complexity to estimating costs due to the variability of the construction costs. In this regard,
the premium cost should be practically and theoretically included in the process of
transforming a single-stage adaptation option into multiple-stage adaptation options.

This thesis assumes that any flexibility to divide a single investment into multiple sequential

investments increases the overall investment cost as shown in equation (15) and (16).
I, = 10,1 + 10,2 (15)
I, + Ipremium =L+ (16)

17)

1 1

11 = Io,l + Elpremium’ 12 = 10,2 + Elpremium
Here, I, is the cost of an original option, I, ; and I, , are the net capital costs of the first- and
the second- phase options from the original option, respectively, I,;.¢mym IS an premium cost
to be paid for flexibility (i.e. dividing the investment option), and I; and I, are the investment
costs of the first- and the second- phase options, respectively.
The investment cost of an original option which raises the crest of coastal defence from the
current level to 3.5 mAOD (i.e. U._35m,) IS £ 64 million (NFCD, 2010). Though the cost of
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coastal defence upgrade for Lymington is not given with a great accuracy, it provides
indicative information on how much resource or budget will be allocated to the planned
adaptation measures for coastal areas. Thus, this indicative cost is used as a reference for the
coastal adaptation measures in Lymington. The cost has also been compared by using the unit
costs of dike heightening (per m rise per km length) in other countries; although the costs are
site dependent (Hillen et al., 2010). Table 4.3 outlines the unit costs of coastal defence
upgrade in different countries. These data help estimate the cost price of coastal defence
upgrade at the level of project planning. The unit cost for Lymington is within the range of
the unit cost for rural areas in Netherland. As the economy status and environment of both
countries are similar, the estimated cost of coastal adaptation measures in Lymington has

been accepted for the analysis.

Table 4.3 The unit costs of dike heightening by 1m per unit length (km) in different countries
(unit: million £/ m / km) (Hillen et al., 2010) - The price is in 20009.

Rural areas Urban areas Maintenance cost
Netherlands 3.56-9.57 12.23-19.14 0.09 per year
US (New Orleans) 4.59
Vietnam 0.62-1.06 0.018 per year
IPCC (1990) 0.92 9.2
Lymington 6.49"

* The currency rate (1 € =0.89 £) in 2019 is applied for calculation.
™ The unit cost is calculated by dividing the whole cost (=64.2 M £) with the length of overall coastal defence (=9.87km)

In order to consider different heights of coastal defence upgrade, the cost of defence
heightening (I) is assumed to have a linear relation to the raised height (H). This assumption
follows the previous studies on relations between coastal defence heightening and estimate of
costs for exemplary cases (Eijgenraam, 2006; Hillen et al., 2010; Jonkman et al., 2013). In
practice, the costs of coastal adaptations are dependent on local circumstances. With sea-level
rise, dike height, required nourishment volumes, base of the dike and required purchase of
land linearly increase, whereas dike volume and the expected cost of moving buildings and
objects behind exiting defence increase non-linearly (Hillen et al., 2010).

As reviewed previously, Lymington is a small village composed of rural and urban areas. In

the rural area, most coastal defence system is made of embankment fronted with interlocking

blocks while, in the populated area, the coastal defence is mainly masonry and concrete walls
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which are small part of the coastline. Thus, this thesis assumes that the dike height and

required purchase of land determine the adaptation costs for Lymington. This assumption

allows us to conclude that the cost of defence heightening is proportional with raised defence

height as shown in Table 4.4. In order to take into account the uncertainty of costs, this thesis

sets out 20%, 30%, 40% and 50% premium cost scenarios. The investment cost for each

adaptation path is summarised according to the different premium scenarios in Table 4.4.

The calculation process of the investment costs for multiple adaptation options is explained in

Appendix E.

Table 4.4 Investment costs for each adaptation path according to premium scenarios

Adaptation paths

Premiums

The 1% stage

The 2™ stage

The 3 stage

The total

cost cost cost investment cost
Usszom - £321M - - £321M
Uslzsm - £642M - - £64.2 M
Usssaom - £96.3M - - £96.3M
20% £38.52 M £38.52M - £77.04 M
Uiz om * 30% £41.73 M £41.73 M - £83.46 M
c—-3.0m
Us.om-3.5m 40% £ 4494 M £ 4494 M - £ 89.88 M
50% £48.16 M £48.16 M - £96.33 M
20% £58.14 M £58.14 M - £116.28 M
* 30% £62.98 M £62.98 M - £125.97 M
U 3.0
c—-3.0m
Us om-4.0m 40% £67.83 M £67.83 M - £135.66 M
50% £72.68 M £72.68 M - £14535M
20% £73.89 M £41.79 M - £116.28 M
Ueorzsm® 30% £78.74 M £ 46.63 M - £12597 M
c—-3.5m
Us sm-a.0m 40% £ 83.58 M £5148 M - £135.66 M
50% £ 88.42 M £56.32 M - £14535M
20% £58.14 M £ 34.89 M £ 34.89 M £12791M
Ueozom™ 30% £62.98 M £40.94 M £ 40.94 M £ 144,86 M
U3.0m—>3.5m*
Us smoa.0m 40% £67.83 M £47.48 M £47.48 M £162.79 M
50% £72.68 M £ 5451 M £ 5451 M £ 181.70 M
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4.5 Flood risk analysis

Flood risk analysis examines how the risk of coastal flooding changes over time under
different sea-level rise scenarios with a focus on the relation between climatic variables (e.g.
extreme still water level or sea-level rise) and risks, the latter being hereafter represented by
expected monetized flood damages or expected annual damages. This analysis defines
avoided risk as benefit from an adaptation option, following conventional flood risk
assessments and studies (Grossi and Kunrether, 2005; Hall and Solomartine, 2008). The flood
risk analysis in this thesis assumes that a certain magnitude of coastal event leads to a certain
amount of flood damage. Coastal flooding is the consequence of the combining effects of
storm surge events and astronomical tides (McMillian et al., 2011). The extents and damages
of coastal flood events associated with the possible magnitude of climatic variables (i.e.
ESWL+SLR+WAVE) are estimated, assuming for both the current and upgraded defences
each year. Hence, this estimation provides a couple of damage curves and a benefit curve for
an intervention measure (i.e. raising the crest level of coastal defence) over all the possible
climatic variables. Based on that, we have statistically estimated the expected flood damages
for both cases and the expected benefit from the intervention each year. This process has been

conducted for each SLR scenario. The procedure is summarized in Figure 4.17.

Uncertainty modelling Flood Simulation

1. Extreme Still Water Level 1. Setting-up of the existing defence and the upgraded defence on simulation maps
. _ ) . 2. Flood simulations for the flood loadings of ESWL+MSLR+WAVE by 0.2m increment
(ESWL= stochastic variable) 3. Estimations of flood damages for both cases

2. Mean Sea Level Rise Projections 4. Relations between damages, or benefit (= avoided damage), and ESWL+MSLR+WAVE
(MSLR =f (year), f: any function)

. . . i Structuring relations between sources(loading conditions) and consequences(damages)
3. Wave overtopping volume in height

(Wave = g (ESWL+MSLR), Flood Impact curves Expected damages or benefit
g: any function for wave parameters)
] 1. Damage Curves 1. Estimation of probabilistic parameters (u, o) for

4. The variable of ESWL+ MSLR + Input (Flood damages — Climatic output damages and benefit at each of the select years

Wave at each of the select years variables) 2. Assessmentof changes in damages or benefits

- Mean(p), standard deviation(o) 2. Benefit Curve over time under each of the MSLR scenarios

- The 5™ and 95™ percentiles (Flood damages avoided —
5. Time-series of ESWL + MSLR + Climatic variables)

WAVE for each MSLR scenario

Figure 4.17 The framework of flood risk analysis for evaluating statistically expected

monetised damages and benefits in sea-level rise.

45.1 Flood Inundation Modelling

A. Overviews of flood inundation modelling

A number of flood inundation simulations (15 times for each defence scenario) have been
performed with various climatic variables (i.e. ESWL+MSLR+WAVE). This thesis
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considers three different levels to which the coastal defence will be raised from the current
level: (i) 3.0 mAOD, (ii) 3.5 mAOD and (iii) 4.0 mAOD. The physically possible flood
loadings of ESWL+MSLR+WAVE are discretised in 0.2m increments from 1.2 to 4.0
mAOD. This covers all the range of coastal flood events that may occur due to sea-level rise

through the 21st century in Lymington.

A pair of flood risks for the existing defence and the upgraded defence are assessed,

assuming overflowing and overtopping defence failures, for the same magnitudes of coastal
flood events, respectively. While flood risk analysis investigates hydrological relationships
for given coastal defence conditions, the hydrological relationships between climatic

variables (ESWL+SLR+ WAVE) and flood damages are assumed to be constant over time.
Thus, coastal morpho-dynamics (generally erosion) is not considered within the framework
of flood risk analysis established in this thesis. This simplification of flood risk analysis can
be found in many other previous studies using a source-pathway-response-receptor (SPRR)

concept for flood risk analysis (Evans et al., 2004; Narayan et al., 2012; Wadey et al., 2013).

Flood depths and extents need to be predicted from various combinations of forcing
conditions (i.e. meteorological, tidal, and wave conditions) and defence conditions with a
topographic given as (X, y, z) coordination. There are various numerical hydrodynamic
models which help simulate coastal flooding at such a variety of conditions (Bates et al,
2005; Dawson et al., 2005). This thesis employs LISFLOOD-FP which is a simplified two-
dimensional dynamic model using the continuation and momentum equations of free-surface
water flow between grid cells (Dawson et al., 2005; De Almeida et al., 2012). As the thesis is
aimed to evaluate coastal flood risk at the high levels of decision-making, LISFLOOD-FP is

considered as an efficient model for flood simulation.

B. Hydrological setting of coastal defence conditions

Information on the location and height of the coastal defence has been obtained from a 1m
resolution DEM data. The LIDAR data were produced by Environment Agency in 2008. The
quality check of DEM data has been made in comparison to recent DEM data (in 2015).
Little difference in DEM data has been found when comparing the heights of each cell
between the DTM data in 2008 and in 2015. Field trips (the 24" of May on 2106 and the 3"
of March on 2017) had been conducted to supplement the defence information from the DEM
data and any other documents. Defence types, shapes and materials were also investigated
through the field trips.
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These defence locations are overlaid on the 1m resolution DEM data — which include object
information (e.g. buildings, agricultural lands, rails, roads, etc.) on the ground. The defence
heights have been measured at each point spaced along the defence line on the DEM data.
GIS software enables us to extract a raster value at every intersection of a defence line and a
grid cell. Thus, the defence height data have relatively a high accuracy with RMSE + 0.15m.
The height for each segment of the coastal defences on the DEM map is determined by
choosing an average height. The measured defence heights have been allocated to each
segment of the defence lines in a GIS shapefile. These processed data on the coastal defence
are included in relatively low-resolution DEM data that will be used for flood simulations.

C. Conditions of flood loadings and floodplains

The 10m and 50m resolution LIDAR data are used for flood simulations, respectively. The
comparison of flood depths and damages from different resolution LIDAR sources has been
made to investigate the sensitivity of model results to the sizes of grid cells. There is little
difference in the model results between 10m and 50m resolution data because the low-lying
areas affected by coastal flooding are relatively less populated areas. To simulate inundation
from a coastal event associated with a peak water level, a loading condition needs to be
defined on boundary cells in DEM data from which seawater inflows into floodplains. The
raster cells intersected by the coastal defence lines in DEM data are set to be the boundary

cells as shown in Figure 4.18.

C (Sea) B (Defence) A (Floodplain)

“ " 2

ESWL+SLR+WAVE <7 (of B'® N

Waterflow

_ v
Datum Level(E.L = 0mAOD)

| ]

. stal defence: B
Coastal defence » - Waterflow
*  Waterflow condition: Variable Free Surface Elevation

* The range of extreme water level: 1.4 mAOD to 4.0 mAOD @ : Boundary points of ESWL+SLR+WAVE

Figure 4.18 Boundary conditions for flood loading of ESWL+SLR+WAVE on the coastal
defence

A series of time-varying water levels are applied as flood loading conditions on each cell of

the coastal defence. This analysis assumes that the time-series of water levels from the 2008
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coastal event are a typical sequence of water levels which is the most likely to have an effect
on tidal floodplain in Lymington. The water level time-series during a flood event with a
specific peak water level have been produced by offsetting the standardised time-series by the
difference between the peak water levels of the 2008 event and the considered flood event
(Figure 4.19).

—— the 2008 event
—=— 3.5m of peak water level
49 —— 1.4m of peak water level

Water Level
(mAOD)

Time (hr)

Figure 4.19 The standardised water level time-series on an hourly basis from the 2008 event
(peak water level = 2.0 mAOD) and the water level time-series of simulated coastal events

associated with peak water levels (e.g. 3.5 and 1.4 mAOD)

The flood inundation also considers spatial variations in peak water levels to simulate a
statistically uniform event with the same return period. The magnitude of peak water level for
each tidal zone shows a 0.09m increase at each move along data points from P1 to P4. The
time-series of water levels within each tidal zone are uniformly applied as a flood loading
condition (Figure 4.20). The water level time-series for each tidal zone have been coded as

each flood loading condition in flood simulation programme (i.e. LISFLOOD-FP).

A uniform representative n value has been used for the 50m resolution DEM data. This value
is an averaged n value by the estimation of surface roughness for Lymington. The study site
is a rural area most of which is covered by pasture and agricultural lands. Residential and
commercial areas are located at each side of the entire floodplain. Thus, the flood simulation
adopts a uniform value of n = 0.035 which is averaged for flood simulations in the 50 m

resolution DEM data.
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Figure 4.20 The sections of tide zones for flood loadings of extreme still water levels around

Lymington

On the contrary, the flood risk analysis in 10m resolution modelling makes the use of
spatially-distributed Manning coefficients which are observed on the OS land-use map of
Lymington. The floodplain has been divided into sub-regions according to the land use on the
OS map. The appropriate n values are allocated to each sub-region according to the
classification of n values provided by the LISFLOOD-FP manual (Bates et al., 2008) as

shown in Appendix F.

D. Flood simulations with different flood defences

The flood simulations have been conducted at various flood loading conditions for each
defence condition. The examples of overlaying flood extents upon objects from the
topography data are shown in Figure 4.21. As a result, LISFLOOD-based flood simulation
generates the raster values of maximum flood depths in all the grid cells of DEM for each
loading condition and each defence condition. To investigate the stability of model results by
LISFLOOD-FP, Q-errors that indicate volume error per unit time (m3s™) during a simulation
have also been checked after each simulation. The values of Q-error for most simulations

have been observed within the acceptable level (e.g. 1~2 x10*t0 10 m3s?).
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Flood Depth
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Figure 4.21 Flood extents at a 1-in-200 year coastal flooding associated with a peak water
level of 2.41mAOD for (a) the current coastal defence; (b) the 3.0 mAOD upgraded defence;
(c) the 3.5 mMAOD upgraded defence; and (d) the 4.0 mAOD upgraded defence.

The raster value of flood depth in each cell is overlaid on topography data which contains
information on buildings, lands, roads and natural objects from Ordnance Survey (OS, 2015).
All the objects in a topography map have been transformed from polygon vectors to point
vectors by Arc-GIS programme to ensure all the objects have their own (X, y) coordinates in
British National coordination system. Arc-GIS helps extract a raster value of flood depth at
each object within a flooded area. Table 4.5 and Figure 4.22 show flood damages (i.e. the
number of flooded properties) across flood loadings (i.e. ESWL+SLR+WAVE) for each

141



defence condition. The results of the flood risk analysis into Lymington are attached for

different defence conditions in Appendix G.

Table 4.5 The number of inundated properties by various water levels for each defence
condition

Water levels The current 3.0 mAOD upgraded | 3.5 mAOD upgraded | 4.0 mAOD upgraded
(mAOD) defence defence defence defence

1.2 0

1.4 0 0 0 0
1.6 0 0 0 0
1.8 4 0 0 0

2 20 9 9 9
2.2 130 22 22 22
2.4 179 22 22 22
2.6 216 24 24 24
2.8 304 24 24 24

3 416 35 35 35
32 508 208 38 38
34 631 429 41 41
3.6 715 661 128 44
3.8 797 759 399 73

4 846 846 701 79

—=&— 4.0M upgraded defence
—e— 3.5M upgraded defence
1000 —4A— 3.0M upgraded defence
—w— Current defence
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Figure 4.22 The number of properties inundated by peak water levels from 1.2 to 4.0 mAOD

according to each defence condition in Lymington
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E. Validation of flood simulation models

In general, a model is acknowledged to be validated if its accuracy and prediction proves to
be within an acceptable level. The reliability of the results of flood damages by LISFLOOD-
FP depends on the quality of input datasets, key topographic features and interference from
other flood sources (i.e. compound flooding) (Bate at al., 2005; De Almeida et al., 2012).
Inherently, model results have uncertainty due to the lack of our ability to describe physical
dynamics or systems in the real world. In this regard, the validation of the model results in
this thesis is limited because the flood simulations have been conducted with unprecedented
high extreme water levels. For Lymington, the most severe flood water level on record was
2.14 mAOD which had been observed in the 2008 flood event. In addition, the flood damages
are simulated with the coastal defences ideally set on DEM. Thus, the predicted flood

damages and extents from this thesis inevitably include uncertainty.

In order to test the validity of the model, a fit measure has been used to see an agreement
between predicted and observed flood extents (Bates et al., 2005; Gallien et al., 2011). A fit
measure is determined by the intersections and unions of observed (Eo) and predicted (Ep)
pixels as shown by equation (18). A full agreement gives a value of 1 while no agreement
does a value of zero. To see whether the flood simulation model is within an acceptable level
(i.e. FA>0.75), the thesis compares the model results by LISFLOOD-FP with the result by
Environment Agency (Refer to Figure 4.23).

o _ B NE
47 E, VE, (18)

The flood risk zone 3 which indicates an area at the 1-in-200 risk of coastal flooding is
overlaid on DEM dataset for comparison of the simulated results. The flood risk zone 3 by
EA covers a larger area than the inundated area simulated with a coastal flooding associated
with 2.41 mAOD by this thesis as shown in Figure 4.23.
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Figure 4.23 Comparison between the EA flood risk zone and the simulated zone in a 1-in-200
year coastal flooding associated with a peak water level of 2.41 mAOD.

This is because the flood risk zone by EA is the estimate of areas at the risk of 1-in-100 year
fluvial flooding and 1-in-200 year coastal flooding with the current coastal defence removed
in the simulation. As the flood simulation by this thesis has been conducted with the current
defence system, the flooded areas by 1-in-200 year coastal flooding becomes smaller than the
EA flood risk zone. Nevertheless, when beneficiary zones due to the current coastal defence
are removed from the flood risk zone 3, the rest area corresponds with the flooded zone by
this thesis with a fit measure of 0.85. Thus, the DEM-based flood simulation model seems to

provide the reliable results of flood simulation for Lymington.

The DEM data and boundary flood loading conditions are also validated by comparing the
result of the flood simulation with that by Wadey (2012) in the number of inundated
properties as shown in Figure 4.24. Wadey (2012) analysed flood damages across various
loading conditions ranging from 1.5 mAOD to 3.0 mAOD in different failure modes: (1) full
breaching scenario; (2) max wave scenario; and (3) no wave scenario. The flood damage

curve by this thesis is compared with that of no wave scenario by Wadey (2012).
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Figure 4.24 Comparisons of the number of inundated properties between the flood simulations

by this thesis and the previous research (Wadey et al., 2012)

As seen in Figure 4.24, in a range of ESWL+SLR+ WAVE from 1.6 mAOD to 2.0 mAOD,
two flood damage curves show an agreement in the number of inundated properties.
However, from 2.0 mAOD to 2.6 mAOD, they show much difference of 120 to 150 in
number. This is because this thesis sets defence height in some parts of Lymington equal to
2.0 mAOD. Thus, a significant increase in the number of inundated properties starts to occur

from 2.0 mAOD. From 2.6 mAQOD afterward, two curves show a fair agreement again.

Overall, the model result shows a fair agreement with that of Wadey et al.(2012); although
little difference between both studies is found in a certain range of water levels. However, it
should be acknowledged that the model result has a large uncertainty, particular, in the range
of high water levels (2.4 to 4.0 mAOD) that Lymington has never experienced but are likely
to occur in the future due to sea-level rise. The uncertainty from the flood simulation model is
attributable to the imperfection of describing physical or hydrological dynamics for
Lymington. Thus, the model uncertainty should be addressed by different approaches such as
improving skills and computational techniques. The effect of the uncertainty from the flood
simulation model on the results of real options analysis will be investigated with comparisons

to the uncertainty of sea-level rise later in chapter 5.
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4.5.2 Monetisation process of flood damages

The number of inundated properties and the flood depth of each property have been
determined in each flood simulation. Based on property information provided by Ordnance
Survey (UK), flood damages for each coastal flood event have been monetised to quantify the
risk of the coastal flood event. The monetisation process follows the guideline provided by
Environment Agency (2010) and Penning-Rowsell et al. (2010; 2014).

For the estimation of flood risk, this thesis takes several steps to convert flood extents and
depths to economic losses. Firstly, the economic loss of each property within a flooded area
has been estimated by a flood depth-damage curve for a property provided by Penning-
Roswell et al. (2014). Secondly, all the flood damages for the inundated properties are
aggregated for each coastal defence condition and for each flood loading. The next step
estimates difference in flood damages between the existing and upgraded defence conditions
at each flood loading, which is reduction in flood damage by a flood defence upgrade. Lastly,
this process has been iterated with 0.2m increments of flood loadings, providing monetised

damage and benefit curves across all the flood loadings from 1.2 to 4.0 mAQOD.

A. Conversion of flood depth to flood damage in currency

If a property is inundated by a coastal event, the flood event will depreciate the property
value with recovery costs incurred. The economic losses also depend on flood depth to which
the property is inundated. Multi-Coloured Manual (MCM), which is a commonly used
guidance for flood risk analysis in the UK (Penning-Rowsell et al., 2010; 2014), provides a
unique relation between damages (£) and flood depths (m) in a property in England and
Wales. The MCM defines four types of properties - detached, semi-detached, terraced houses
and flat in England and Wales. Since the OS map does not provide specific information on
house types, it is not possible to define all the house types of flooded properties at the spatial
scale of the flood simulation. This analysis, instead, takes the averaged value of the economic
losses from all the types of properties at each flood depth. A relationship between the
averaged economic losses and the flood depths is plotted as a single square root curve in
Figure 4.25.
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Figure 4.25 Flood damages or economic losses (£) by different flood depths for an inundated

property in England and Wales (in 2016 prices)

The economic loss (£) is represented by a square root function of flood depth. This fitted
function helps convert a flood depth of each property to a flood damage in currency. All the
flood damages of inundated properties are aggregated for each extreme water level
discretised with a 0.2m interval. This iterative calculation provides a relation between peak
water levels and flood damages for a given coastal defence condition. All the flood damages
are monetised in 2016 price. Figure 4.26 show relationships between flood events associated
with peak water levels (i.e. ESWL+SLR+WAVE) and flood damages for each defence
condition. Each relationship, hereafter called a flood damage curve, represents the response
of the floodplain with the current coastal defence or the upgraded coastal defence to various

amounts of coastal flooding.
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Figure 4.26 The overall flood damages by peak water levels according to different defence

conditions in Lymington

B. Flood risk and expected annual damages (EAD)

Flood risk for any year is represented by expected annual damage (EAD) which is a statistical
expectation of flood damage per a year in economic terms (Hall and Solomatine, 2008). This
is estimated by integrating all the possible flood damages in respect to the corresponding
probabilities. The probability distribution of flood damages, or benefits due to an adaptation
measure, is assumed to coincide with the probability distribution of the corresponding flood
loadings (i.e. ESWL+SLR+WAVE) by the damage- or benefit- flood loading relation,
respectively. This enables us to estimate expected annual damages (EAD) and expected
annual benefits (EAB) for different defence conditions during the period of sea-level rise.

The flood damages are represented with a function of peak water levels which is made by
fitting multiple linear lines to each damage curve (Refer to Appendix H). The multi-linear
functions allow us to express each damage curve as a function of peak water levels in

different interval ranges at a high accuracy (R? = 0.99). Thus, the flood damage for each
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defence condition can be represented by a function of peak water levels (i.e. ESWL+SLR+
WAVE) as shown in equation (19).

Dg = fa(x) (19)

Here, D, is a flood damage at a certain magnitude of peak water level under a given defence
condition, subscribed by d (e.g. the current defence, 3.5m upgrade defence, etc.), f; is any
function defining a relation between peak water levels and flood damages, and x is climatic
variable of extreme still water level, sea-level rise and wave (i.e. ESWL+SLR+WAVE). As
all the componential variables in climatic variable x are random variables, the flood damages
represented by equation (19) are also random variables. The function for each defence

condition is shown in Appendix H.

The flood damage function (f;(x)) for each defence condition is used to convert the
probability distribution of ESWL+SLR+ WAVE into the probability distribution of flood
damages at any year. This Monte-Carlo simulation-based approach has been conducted for
2008 (the reference year of the probability of ESWL) and every 20 years from 2020 to 2100
in all the SLR scenarios. This thesis has modelled changes in flood damages by MSLR and
the Brownian motion of SLR, respectively, as shown in Figure 4.27. The estimates of mean
and standard deviation (i, o) of flood damages for the selected years by other SLR scenarios

are shown in Appendix I.
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Figure 4.27 Temporal changes in flood damages under the current flood defence (a) in the
High MSLR scenario and (b) the High Brownian SLR scenario — Note that the time-series of

flood damages are randomly generated annual maxima.

The graphs in Figures 4.27 show the possible risk profiles of coastal flooding during sea-level
rise by combining storm surge events, astronomical tides and sea-level rise. These graphs
show temporal changes in the mean (red line) and probabilistic range (bounded by blue and
black lines) of flood damages under the High SLR scenario by MSLR and Brownian SLR,
respectively. This representation of annual flood damages has important implications in
addressing flood risk assessment issues.

Firstly, the random time-series of flood damages for the current coastal flood defence have
been quantified based on the current projections of future sea-level rise and the extremity of
coastal flooding (i.e. extreme still water level and wave). Thus, the annual flood risk (EAD)
reflects all the stochastic properties of factors which have effects on flood damage at a given
year. Secondly, the mean value of flood damage at a given year implies the most likely value
of flood damage at the year. Thus, the mean value of flood damage represents expected
annual damage (EAD) in a given year. Lastly, we have also found that there is little
difference in EAD between the cases of MSLR and Brownian SLR. This implies that
difference in the uncertainty range of sea-level rise projection from UKCP 09 has no effect
on the evaluation of flood risks. However, the flood damages from MSLR vyield relatively

narrower probabilistic ranges than those from the Brownian SLR.
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C. Flood reduction and expected annual benefit (EAB)

The selection of a pair of damage curves provides a unique relation as the performance of an
adaptation measure to a wide range of flood loadings as shown in Figure 4.28 (See Appendix
J for the other adaptation measures)

—&— Upgraded defence
—e— Current defence

35.0M
————————— Reduction in damage
30.0M
25.0M

20.0M

15.0M ~

Damage(£)

10.0M ~

5.0M +
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Figure 4.28 Monetised flood damages and reduction in the monetised flood damages (£ in
2016).

The benefit from the upgrade of the coastal defence at any year is also random variable
dependant on the loading conditions of ESWL+SLR+WAVE. As seen in Figure 4.28, the
benefit from an adaptation option has discontinuity with climatic variable at extremely high
water levels. In other words, the flood damage reduction effect declines beyond a certain
water level. This is because of the capacity of the adaptation option. In this regard, for the
estimation of expected annual benefits (EAB), we also adopt a Monte-Carlo simulation to
sample a large number of variables of ESWL+SLR+ WAVE from a predefined probability
distribution at a given year into the benefit relation. This helps construct a new probability
distribution of benefit values for a given intervention measure (i.e. the upgrade of coastal
defence). The examples of change in EAB (i.e. mean) and its probabilistic range (i.e. 5" and
95" percentiles) over time are shown for an adaptation measure (U,_; s,,,) in the cases of
High MSLR and Brownian SLR, respectively (Figure 4.29). The temporal changes in EAB

for other adaptation measures by different SLR scenarios are shown in Appendix K.
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Figure 4.29 Changes in benefit from the upgrade of coastal defence (the current level — 3.5
mAOD) and its probabilistic range under each MSLR scenario

As sea level rises, the benefit from the upgrade of coastal defence increases. As the rising sea
level increases the likelihood of flood damages in the floodplain, it leads to increase in the
utility of the upgraded coastal defence. The mean values (red line) plotted in Figure 4.29
describe the statistical expectation of benefit values (i.e. EAB) from the present perspective.
As the future value is uncertain and random, EAB has to be estimated upon the statistical

expectation towards the future. Likewise, a real option decision either to invest, or wait, at
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any year should be based on the statistical expectation of the benefit values in the future. If
the investment decision is made with the expectation of a high impact, but low probability,
event or past flood events which occurred at any year, the decision will always lead to

immediate investment in an adaptation option at any occasion.

As shown in Figure 4.29, the trajectories of the 5™ and 95" percentiles allow us to visualise
how random benefit values occur with a certain probability (i.e. 90%). This illustrates that,
although the extreme events out of the 95™ percentile line are plausible in Lymington during
the 21% century, EAB due to the adaptation measure changes smoothly. This also implies that
our statistical estimation of the expected values or expected flood damages that may occur in
the future change smoothly under the non-stationarity of climatic variables, even if we
observe a disastrous flood event that has a harmful effect on human environments. Thus, the
estimation of EAB provides an economically rational basis upon which to assess real options

and to make a real option decision.

4.6 Option evaluation

The real option evaluation is a process that assesses the performance of the upgraded coastal
defence including flexibility under various sea-level rise scenarios. This section addresses
several aspects in applying real options analysis into flood risk management. Firstly, the real
options analysis in this thesis employs a dynamic programming approach (Bellman, 1953)
which is designed to numerically compare the values of wait and investment for an adaptation
option at all the years. This approach will be adapted to the case of coastal defence
adaptation. Secondly, this section considers different boundary conditions at the end of sea-
level rise projection from which the option evaluation starts backwardly. Lastly, this part
accounts for discount rates and socio-economic development scenarios in regard to real

options analysis.

4.6.1 Bellman’s Dynamic Programming: continuation and termination values

This thesis takes a Bellman’s dynamic programming approach to evaluating real options in

climate change adaptation. As long as we can defer an option, a choice, either to invest or to

defer, remains alive. Thus, the Bellman’s approach assesses two option values at a given

time: (1) a continuation value, which is an option value when the option is deferred, and (2) a

termination value, which is an option value when the option is implemented. The real option
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value in any given year t can be defined by equation (20) (Bellman, 1952; Dixit and Pindyck,
1994).

F, = max[Fcon,t’ Fex,t] (20)

Here, Fcont IS @ continuation value in year t, Fex: is a termination value in year t and Ft is an
option value in the year t, which is the higher one of the two values at the year. If a
continuation value (Fcony) is higher than a termination value (Fext) at a given year, it suggests
waiting is preferable to implementation and vice versa (Bellman, 1952). The termination

value (Fext) at any year t is the net present value of the investment made at year t:

L+t

EAB; I
Fext = i 7 (21)
s 1+r) (A+7r)
Where, EAB:; is the expected annual benefit of a project at year i
M
EAB; = Z Pi(Xm,i) X B(xm,) (22)
m=1

risadiscount rate, I is investment cost, and L is the number of project years, pi is the probability
density function at the year i, B is a benefit function of climatic variable x,, ; representing a
benefit curve (i.e. reduction in flood damages associated with the mth event), xm, is the m-th
event of climatic variable (i.e. ESWL+MSLR+WAVE) at year i, M is the number of discrete

events adopted to describe the distribution of probabilty of coastal events.

On the other hand, when the investment is deferred from year t to year t+1, a continuation
value (Fcont+1) and a termination value (Fext+1) at the year t+1 are values the option holder
can expect from the year t by waiting for one year longer. The continuation value at year t is

the higher one of these two values discounted from year t+1 to year t in equation (23).

Fcon,t = m X Max[Fex,t+1 ’ Fcon, t+1] (23)
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This option evaluation process provides two decision criteria. Firstly, the overall benefits (B)
during the project life (L) should be higher than the overall costs (C). The second one
concerns investment timing for which the termination and continuation values are compared
every year. The calculation of the continuation and termination values starts from the end of
the period of wait (denoted by T) using a backward induction method (Bellman, 1952; Dixit
and Pindyck, 1994; Yang and Blyth, 2007). Figure 4.30 illustrates an option evaluation
process by the backward induction method.
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Figure 4.30 The concept and process of real options valuation based on dynamic programming
(Bellman, 1952)

4.6.2 Boundary values for option evaluations

The backward induction method requires a boundary value at the end of the time horizon for
option evaluation (Dixit and Pindyck, 1994; Yang and Blyth, 2007). The end year is set to be
2100, consistent with the period of the SLR scenario from UKCP 09. The boundary value is
an option value when the investment is made at 2100 on the assumption that the investment
can be deferred to 2100 by the option holder. To obtain the boundary value for each SLR
scenario, the analysis has extrapolated sea-level rise from 2101 to 2200, following the rate of
sea-level rise from the last 10-year data from 2090 to 2100. This thesis assumes three post-
2100 sea-level rise scenarios for a sensitivity purpose: (1) linearly increasing trend, (2)
accelerating trend, or (3) no change as shown in Figure 4.31. The effects of the post-2100

sea-level rise on option values will be investigated later in chapter 5.
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Figure 4.31 Post-2100 SLR projections based on the MSLR projection from 2008 to 2100

4.6.3 Discount rates for option evaluations

A discount rate indicates a social preference of time (Tol, 2003; Hunt and Tailor, 2009). It is
a socially-agreed value by compromising the values of the future and the present (ibid.). If
the present value is more important than the future value, a high discount rate is chosen for
option evaluation. Otherwise, a low discount rate is used. The discount rates differ depending
on the economic status of countries and the culture of societies (Adger et al., 2009). South
Korea uses 5.5% discount rate, while most European countries including UK use 3.5%
discount rate. This research applies the Green Book discount rates for option evaluation
which are commonly used in project appraisal in the UK. It is a reasonable choice because
Lymington is located in the UK.

The Green Book applies different discount rates depending on the period of time (HM
Treasury, 2003). It uses 3.5% for the first 30 years, 3.0 % for the next 45 years and 2.5%
afterwards for discount rates. As these discount rates are legally compulsory instruction for
project appraisals in the UK and most climate change adaptation needs government funds,
this research also uses these rates for option evaluation. However, note that there are various
arguments for discount rates in the realm of climate change research (Maddison, 1996; Tol
and Yohe, 2006; Stern, 2007; Weitzman, 2007; Mendelsohn, 2011). For instance, Stern
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(2007) argues that a low discount rate (e.g. 1.4%) should be used to less discount the harmful

effects of greenhouse gas emissions on the future generations and the costs of reductions in

the greenhouse gas emissions in the economic analysis of climate change, while others (Tol

and Yohe, 2006) argue that such a low discount rate provides the over-estimation of

adaptation or mitigation actions. Despite such debates, this thesis seeks to avoid the social

debates over the selection of proper discount rates for climate change adaptations. Instead,

this thesis adopts standard discount rates (i.e. Green Book discount rates) for option

evaluation. For the purpose of sensitivity, this research also investigates the effects of

discount rates on the results of real options analysis.

4.6.4 Socio-economic scenarios for option evaluations

As climate change occurs over many decades or centuries, such a long timescale needs to

consider changes in socio-economic factors such as property developments and population

growth (Dawson et al., 2015). This thesis also takes into account those factors by using future

growth rates. To apply the future growth rates in Lymington, this thesis assumes that the

number of properties changes at constant rates over time. The socio-economic change

scenarios in this thesis adopt (-) 0.5%, 0%, 1% and 2% annual growth (or decline) rates to

represent changes in property developments or populations in Lymington. Different future

growth rates are related to socio-economic development scenarios of how people in

Lymington respond to flood risk and sea-level rise as outlined in Table 4.6.

Table 4.6 Socio-economic development scenarios according to future growth rates

coastal area

Future growth | Socio-economic .
- Details
rates scenarios
-0.5% Shrink in the use of People are concerned about coastal flooding due to sea-level rise.

The floodplains are designated as flood risk zone by EA. They will
decide to leave the coastal area vulnerable to coastal flooding.
Thus, the number and value of properties in flood risk areas will
decline with time

0%

Stay in the current
status

People are also worried about coastal flooding due to sea-level
rise. However, there is no plan to leave the flood risk area.
Property owners still believe that they can endure coastal flooding.
Those who are willing to develop properties in coastal area will
avoid this flood risk zone for property development. Thus, the
number of properties in the floodplain keeps constant.
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Future growth
rates

Socio-economic
scenarios

Details

1%

Moderate
development

People are less worried about coastal flooding and sea-level rise.
People believe that coastal flooding will be reduced by
technologies and adaptation measures. There is still desire to own
properties in coastal areas. Development pressures are moderate

2%

Vigorous
development

People are very keen to develop properties in coastal areas due to
economic status. Despite flood risk and sea-level rise, the value of
properties in coastal zone keeps increasing so that the number of
properties will increase by new property developments. They
believe that adaptation measures will be taken properly to protect
their own properties. Thus, the coastal area will be populated in
the future.

To understand the effects of socio-economic changes on option values, this thesis multiplies

the annual growth factors (1+p)" with EAB at year t estimated from a non-growth rate

scenario (i.e. 0%) (Here, p: growth rate, t: distance in time from the base year of 2016).

Figure 4.32 shows changes in EAB under different growth rate scenarios. Newly developed

properties will be spatially-evenly distributed according to the density of the current

properties and populations.
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Figure 4.32 Changes in expected annual benefit (EAB) by the different future growth rates and
by different SLR scenarios. Note the different scales of y-axis for the H++ SLR scenario - The
estimates of EAB decline under the H++ scenario after 2080 due to the capacity of coastal

defence against sea-level rise.

4.7 Summary

This chapter has provided generic methodologies as to loading conditions, uncertainty
modelling, coastal flood simulations, monetisation process, risk assessment (i.e. EAD or
EAB) and option evaluations. All the processes are integrated to assess monetised flood risk
and benefit due to adaptation measures in Lymington and subsequently to evaluate real
options including flexibility. The integration of the processes for real options analysis
provides a basis upon which to quantify coastal adaptation options including flexibility under

the uncertainty of coastal flooding and sea-level rise.

This study has sought to combine all the uncertainties from sea-level rise (SLR), extreme still
water level (ESWL) and overtopping rates (WAVE) in statistical ways so that this thesis can
produce various flood loading conditions (i.e. ESWL+WAVE+SLR) with their own
properties considered in uncertainty modelling. The uncertainty modelling coupled with the
probabilistic analysis enables us to estimate how risky coastal flood event is in the present,
and will be in the future due to sea-level rise. To do so, the flood damages for each defence
condition have been assessed from various loading conditions (ranging from 1.2 mAOD to
4.0 mOAD) with the corresponding probabilities. Subsequently, the risk and uncertainty of
coastal flooding coupled with sea-level rise have been reflected on expected annual damage
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(EAD) and the economic performance (i.e. EAB) of the upgraded defence under each of the

SLR scenarios.

As investigated, the flood risk analysis is strongly based on a relation between climatic
variables and flood damages for Lymington. If this relation changes, EAD and EAB will
change, leading to different results of option evaluations. Thus, the relation of climatic
variables to flood damages needs to be thoroughly investigated to ensure the results of real
options analysis are robust in its application. The uncertainties from assumptions the analysis
has made may be more influential on the results of real options analysis than the uncertainties
of climatic variables per se. In this regard, the sensitivity analysis to various factors will be

conducted to validate the results of real options analysis in the next chapter.

In addition, EAD and EAB have been estimated upon the assumption that no breaching
failure occurs. If breaching failure is still a possible flood event like the 17" December 1989
event in Lymington, EAD will increase and subsequently the upgrade of coastal defence may
give more benefit to Lymington. This aspect needs to be considered in association with real
options analysis. This will be also investigated as the component of this research later in
chapter 5. Based on the methods explained in this chapter, this thesis will evaluate ‘deferrable
adaptation options’ and ‘multiple-stage adaptation options’ for Lymington in chapters 5 and

6, respectively.
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Chapter 5. Results of real options analysis in a deferrable option

5. Results of real options analysis in a deferrable option

5.1 Overview of real options analysis for a deferrable option

The assessment of a single deferrable option (or option to wait) is concerned on whether it is
worth investing now or later (Dixit and Pindyck, 1994; De Neufville, 2003; Wang and De
Neufville, 2005). This idea can be extended to climate change adaptation. A single deferrable
adaptation option has important implications in decision-making as it enables us to assess
investment timing under uncertainty. In this context, the option evaluation of a deferrable
adaptation option focuses on investment time with its time to vary. The option evaluation

process is summarised in Figure 5.1.

This chapter is structured as follows. Firstly, we provide the option value and investment
timing of a deferrable adaption option under each SLR scenario. Secondly, we explore the
effects of various factors on option values such as post-2100 SLR scenarios, investment
times, sea-level rise at the optimal investment time, discount rates and future growth rates.
The sensitivity analysis has also been conducted to see which factor is more influential on the
option value and investment time. Additionally, this thesis considers the effect of breaching
failure mode on the option value and investment timing. Lastly, this chapter extends the

framework of real options analysis to the stochastic case of sea-level rise.
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Figure 5.1. The process of option evaluation for a single deferrable adaptation option
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5.2 Results of real option analysis in an option to wait

5.2.1 Effect of SLR scenarios on option values

For the case of option to wait, this thesis first considers the coastal defence upgrade of raising
the crest level from approximately 2.5 mAOD to 3.5 mAOD under the uncertainty of future
sea-level rise. The height of 1-in-200 year storm surge event is 2.41 mAQOD in Lymington.
Thus, the current coastal defence system is now capable of protecting Lymington from
possible flood events. However, its capacity will not be sufficient due to sea-level rise. Thus,
there are concerns of whether the upgrade of coastal defence is necessary for Lymington and
when it is implemented in the future. Table 5.1 summarises conditions for option evaluation.
The calculation of a continuation and termination value for each year is conducted under each
MSLR scenario. The results are shown in Figure 5.2.

Table 5.1 Conditions for real options analysis in Lymington

Investment conditions Details

Investment cost £ 64.20 M (Price in 2016)

3.5% (0 —30 years)
Discount Rate

3.0% (31 to 75 years)
(HM Treasury)

2.5% (after 75 years)

Project Life (L) 100 years

H++ MSLR: 24.1 mm/year
Post 2100 Sea Level Rise
High MSLR: 6.8 mm/year
(average rates from 2090 to 2100)
Medium MSLR: 5.7 mm/year
The rates are assumed constant
Low MSLR: 4.7 mm/year
after 2100
Historical MSLR: 1.4mm/year
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Figure 5.2 Option values by termination value (black line) and continuation value (orange
line) for different sea-level rise scenarios — all the option values are present value in 2016.

Note the very different scales on the y-axis.

Figure 5.2 shows how the option value for the upgrade of coastal defence changes according
to investment time in each MSLR scenario. As shown in Figure 5.1, the termination value
(black line) is little smaller than the continuation value (red line) at 2016 for all the MSLR
scenarios, except the fastest rise in sea level (the H++ SLR scenario). As we move forwards
in time, the termination value exceeds the continuation value at a certain time, indicating the
optimum time to invest. By this information, we can determine when the investment should
be implemented in order to produce the largest net profit (i.e. the overall benefits minus the
overall costs) given a sea-level rise scenario. After the optimum investment time, the option
value keeps declining with time so that the deferrable adaptation option becomes less and less

efficient in economic term.

Importantly, the more extreme the MSLR scenario is, the earlier the optimum investment
time occurs. For rapid sea-level rise, we need to react quickly, while for slow sea-level rise
we have more time to act (See Table 5.2). In addition, the difference between the option
values of the optimum investment (i.e. NPVopt) and the immediate investment (i.e. NPVnow)
indicates the value of flexibility that option holders can gain from delaying the adaptation

option under a given MSLR scenario. As the Historic trend scenario has the slowest rate of
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Chapter 5. Results of real options analysis in a deferrable option

sea-level rise (i.e. 1.4mm/yr), both option values (i.e. NPVnow, NPVopt) are the lowest among

all the MSLR scenarios with NPVnow estimated to be negative.

Table 5.2 Results of real options analysis by different MSLR scenarios.

Scenarios H++ High Medium Low Historic trend
Investment cost £ 64.20 M £ 64.20 M f 64.20 M f 64.20 M f 64.20 M
Optimal Investment 2016
. . 2025 2029 2033 2083
Time (i.e. now)
NPVnow £ 158.0 M £353M f23.19M f13.92 M £(-)14.48 M
NPVopt £ 158.0 M £36.5M f 25.46 M £17.77 M f£1.08 M
A(=NPVopt- NPVnow) oM £1.2M £2.27M f 3.85 M f 15.56 M

In the H++ MSLR scenario, sea level will rise by 1.75m in 2100. As expected, this scenario
gives the highest NPVnhow and NPVopt and the earliest optimal investment time (2016) among
all the MSLR scenarios. This is acceptable because the risk of coastal flooding is very high
and fast-growing. In this case, the investment in 2016 already gives a larger option value than
delaying the option. Thus, the investment was already optimal in 2016 in the most extreme
scenario. (More generally, it is found that, when the rate of sea-level rise exceeds

4.9mm/year, the optimal investment time occurs in 2016).

There are two noteworthy points from the results of this extreme scenario. Firstly, the
upgrade of coastal defence up to 3.5 mAOD will become less and less useful with time unless
the investment is made. The extremity of coastal flooding due to sea-level rise will have
reached the limit of coastal defence capacity in 2080. Thus, the expected annual benefit
(EAB) starts to decline (See Figure 4.32) from this time because of the capacity of the
upgraded defence. This implies that the coastal defence needs to be raised higher than the
current plan (raising up to 3.5 mAQOD) if sea-level rise follows the H++ MSLR scenario.
Thus, an additional adaptation option or a higher standard-of-protection defence should be
considered for the protection of Lymington under the H++ SLR scenario. The real options
analysis explicitly shows that the real option values —continuation and termination values —
are below zero after 2095 as shown in the H++ SLR scenario (Figure 5.2). This implies there
is no use of an adaptation measure with such a low standard of protection after 2095, even if
the coastal flooding is very severe due to sea-level rise. Secondly, the option value in the

H++ MSLR scenario rapidly declines from £158 million in 2016. Thus, the early detection of
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the rate of sea-level rise is a critical task for the optimal investment, if the extreme sea-level

rise is occurring.

5.2.2 Implication of optimal investment time in real options analysis

The effect of the optimal investment on option value has been examined under the
uncertainty of climatic variable. To do so, the probability distributions of the option value
have been constructed in three different cases where the investment is made immediately
(2016), at the optimal investment time, and in distant future (e.g. 2060). The probability
distributions have been made for each MSLR scenario. For calculations of the option value,
we have substituted the variable of EAB; in the equation of termination value (Refer to
equation (21) in Section 4.6.1) by the stochastic variable of Bi, which is obtained from the
relation between benefit values and climatic variables (i.e. ESWL+SLR+WAVE) for 3.5
mAOD level coastal defence as shown in equation (1).

L+t B I
Fext = Z - — 7 (1)
e 14+r)} (A+7r)

Here, r is a discount rate, | is investment cost, and L is the number of project years (i.e. 100
years), Bi is a benefit value which is a fuction of climatic variable ESWL+MSLR+WAVE at
year i, t is invesemtnt year. In the calculation of annual benefits, the option evaluation
considers the annual maxima of ESWL+MSLR+ WAVE, following the traditional option
evaluation method. The probability distributions of the option values at the different
investment years have been constructed by 10,000 runs for High SLR scenario as shown in
Figure 5.3. For other SLR scenarios, refer to Appendix L.
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Figure 5.3 NPV distributions at different investment years (i.e. 2016, the optimal investment
year and 2060) under 10,000 random time-series of ESWL+SLR+WAVE in High SLR

scenario.
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Chapter 5. Results of real options analysis in a deferrable option

As shown in Figure 5.3, the option values from the optimal investment are likely to be higher
than those from other investment times. If the investment is made earlier than the optimal
investment time, the probabilistic range of option value (black bar) occurs in a lower region
with a large variance. If the investment is made later than the optimal time, its range (blue
bar) also lies in the lower region, but with a narrower variance. It is because the discount
factors (1+r)' as denominators in equation (1) increase significantly with the investment time

so that the probabilistic range of the option values becomes narrower.

For the slowest rate of SLR scenario (Refer to Appendix L), the probabilistic range of
NPVnow Occurs in negative value. Thus, if the investment is made in 2016 in this scenario, the
decision is highly likely to be over-investment with 100% statistical confidence. If the current
sea-level rise keeps rising with the historic rate, the investment should be deferred until the
optimal investment year (i.e. 2083). This probabilistic analysis shows that the investment at
the optimal investment time statistically provides the largest option value at a materialised
sea-level rise, whatever it will be, under the uncertainty of occurrence and magnitude of

coastal flooding.

5.2.3 The effects of boundary values (Fr) on option values

To see the effects of boundary values on the results of real options analysis, this section
assesses the adaptation option under three post-2100 SLR scenarios: (1) linearly increasing at
rates of the past 10-year sea-level rise; (2) accelerating with the past trajectory of sea-level
rise; and (3) being constant at the end of sea-level rise. The patterns and rates of the post-

2100 sea-level rise are listed for each of the SLR scenarios in Table 5.3.

Table 5.3 Post-2100 sea-level rise scenarios by the patterns of sea-level rise (linearly-
increasing, accelerating or constant) under each of the SLR scenarios

SLR scenario Post 2100 Rates of sea-level rise Remark
SLR (or sea-level at 2100)
L 24.1 (mm/year) t: time in year
A 6x1075t%2 — 0.2324xt + 221.04 (mm)
H++ SLR C 175 (m)
W.C Sudden increase in sea-level rise up to 4min 2150
L 6.8 (mm/year)
High SLR A 2x1075t% — 0.0909t + 88.558 (mm)
C 0.569 (m)
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SLR scenario Post 2100 Rates of sea-level rise Remark
SLR (or sea-level at 2100)

5.7 (mm/year)

7x107% 2 — 0.0236¢t + 19.255 (mm)
0.476 (m)

4.7 (mm/year)

6Xx1076¢t%2 — 0.0197t + 16.107 (mm)
0.4 (m)

—

Medium SLR

Low SLR

1.4 (mm/year) Sea level linearly

. - increases so an
Non-defined accelerating rate is

0.154 (m) undefinable

Historical Trend SLR

Ol om0 >

* L: the linearly increasing post-2100 SLR scenario, A: the accelerating post-2100 SLR scenario, C: the
constant post-2100 SLR scenario, W.C. : West Antarctic Collapse Scenario

The results of option values (i.e. NPVrow and NPVopt) and optimal investment times (OIT) are
shown for each combination of the SLR scenarios and the post-2100 SLR scenarios in Table
5.4. There is little difference of NPVnow, NPVopt and optimal investment time (OIT) between
the linear post SLR scenario (L) and the accelerating post SLR scenario (A). This is because
there is little difference in the trajectories of sea-level rise between the accelerating scenario
and the linearly increasing scenario (See Figure 4.31). Also, as the stream of benefits after
2100 is significanlty reduced by discounting factors 1/(1+r)' (Here, r: discount rate, i: distance
in time from the present), the difference in option value and optimal investment time is

ignorable in option evaluations.

On the other hand, the constant post sea-level rise scenario (C) gives different results from
the linearly increasing scenario (L) and accelerating (A) scenario. From the perspective of
risk analysts, the constant post SLR scenario is less severe than the L or A post SLR scenario.
However, in the H++ SLR scenario, the constant post SLR scenario provides higher option
values of NPVnow and NPVt than any other post SLR scenarios. This is because of the
capacity limit of coastal defence to protect Lymington under the H++ SLR scenario. In this
regard, the early upgrade of coastal defence, as investigated, is more beneficial than the later
upgrade of coastal defence as its utility will rapidly decline under the most extreme SLR
scenario. This capacity limit of the coastal defence is reflected on the option value of the

adaptation option.
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Table 5.4 The option values of the immediate and optimal investments (i.e. NPVnow and NPVopt)

in the coastal defence by different post MSLR scenarios

. Investment | Investment
SLR scenarios nvestmen nves men NPVhow NPVopt A(=NPVopt-NPVnow)
cost Time

L £64.20 M 2016 £158.0 M £158.0 M 0
A £64.20 M 2016 £158.0 M £158.0 M 0

H++
C | £6420M 2016 £167.5M £167.5M 0
W.C| £64.20M 2016 £ 160.6M £ 160.6M 0
L £64.20 M 2025 £353M £36.5M £12M
High A £64.20 M 2026 £354M £36.9M £1.5M
C | £6420M 2020 £33.9M £341M £02M
L £64.20 M 2029 £23.19M £25.46 M £227M
Medium A £64.20 M 2029 £232M £25.6 M £24M
C | £6420M 2025 £22.5M £23.9M £14M
L £64.20 M 2033 £13.92 M £17.77 M £3.85M
Low A £64.20 M 2034 £14.01 M £18.07 M £4.06 M
C | £6420M 2031 £13.4M £16.4 M £2.0M
Historical L | £6420M 2083 £(-) 14.48 M £1.08M £15.56 M

trend

(+1.4mm/yr) | C £64.20M 2083 £ (-)14.64M £0.40M £15.04 M

As observed in Table 5.4, the C post SLR scenario gives higher option values (£ 167.5 M)

than the L or A post SLR scenario in the H++ SLR scenario, while, in other SLR scenarios,

the contrary results are observed. Thus, the extremity of post SLR scenario has no effects on

increase in the option value and optimal investment time under the most extreme SLR

scenario due to the capacity of coastal defence. This argument is more apparent when the

West Antarctic Collapse scenario is applied as a post SLR scenario in Figure 5.4. For an

illustrative purpose, sea-level rise and the corresponding change in EAB are drawn under the

combination of the H++ SLR scenario and the W.C. SLR scenario.
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Figure 5.4 UKCP 09 SLR and its post SLR until 2200 and the corresponding change in EAB

as the performance of the coastal adaptation (U._ 3 s5,,) for the H++ SLR scenario.

For the mild SLR scenarios (i.e. High, Medium and Low SLR scenario), the L or A post
scenario gives a higher option value than the C post SLR scenario. However, the C post SLR
scenario leads to earlier investment than the L or A post SLR scenario. This is because the
utility of the adaptation measure will never increase after 2100 in the C post SLR scenario,
while the delay of the adaptation measure decreases the option value by discount factors
(1+r)".

In this regard, this thesis adopts the linearly-increasing SLR scenario as the most likely post-
2100 SLR scenario, rather than the constant SLR scenario, on an assumption that the future
sea-level rise will continue to follow its prior trajectory of sea-level rise with a strong
memory. If sea level is constant after 2100, there should be an extreme or unrealistic
intervention that overturns the physical processes of earth and ocean systems. To the best of
our knowledge, this is not considered as feasible in physical systems. In addition, we have
observed little difference in boundary values between the linearly-increasing scenario and the

accelerating scenario.

In the Historical trend SLR scenario, the option value of the investment now (i.e. NPVnow) is
a minus with the optimal investment value (i.e. NPVopt) estimated to be £ 1.08 M and £ 0.41
M for the L and C SLR scenarios, respectively. In this case, the investment is to be made in
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the long distant future (i.e. 2083). From the perspective of the present, the returns from the
investment at 2083 are very small and highly discounted. Thus, in the mildest SLR scenario,

the post SLR scenario has little effect on the option value and optimal investment time.

5.2.4 Absolute sea-level rise at the optimal investment time

A noteworthy finding in this thesis relates to an absolute sea-level rise at optimal investment
time for all the MSLR scenarios except the H++ MSLR scenario. MSLR at the optimal
investment time is found at 13 to 14 cm relative to 1990 with EAB estimated around £ 2
million for all the MSLR scenarios (Table 5.5). As EAB is dependent on the probability
distribution of climatic variables (i.e. ESWL+ SLR+WAVE) at a given year, the certain value
of MSLR at the optimal investment time leads to the certain value of EAB. The absolute sea-
level rise has important implications for determining the optimal investment time in real
options analysis, as it can be used, as a single threshold value, to predict the investment
timing for an adaptation option (Figure 5.5). This thesis also proves that the threshold value
at the optimal investment is constant regardless of SLR scenarios (Refer to Appendix M). It is
determined by the investment cost (I) of an adaptation option and discount rates (r) (= rI). By
observing the rate and magnitude of sea-level rise at any time, rather than identifying the
ongoing pattern of sea-level rise, we can decide when to implement the upgrade of the coastal

defence under the various SLR scenarios.

Table 5.5 MSLR and EAB at optimal investment time in each of the SLR scenarios

MSLR scenarios UL MSLR (cm) EAB (£ M)
Year

H++ 2016 19 1.49
High 2025 14 2.07
Medium 2029 13 2.03
Low 2033 13 1.99
Historical trend 2083 13 2.03
Critical rate (4.9mm/yr) 2016 13 2.00

However, the H++ MSLR scenario shows different patterns in MSLR and EAB at the optimal
investment time from other SLR scenarios. The investment time for the H++ MSLR scenario
occurs at the earliest time (i.e. 2016) among all the MSLR scenarios since the MSLR and
EAB at this time have already been 19cm and £2.33 M, respectively. Even though the
optimal investment time and MSLR had been further traced to the past before 2016, the
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termination value was already higher than the continuation value. Thus, in the most extreme
H++ MSLR scenario, the adaptation option should be implemented immediately. This
implies that the investment timing for the adaptation option is less sensitive to sea-level rise
in the most extreme scenario. In other words, the adaptation measure of upgrading the coastal
defence should be implemented immediately under the extreme SLR scenarios beyond the
rate of 4.9mm/year. This view is line with the perspectives of flood risk management.
However, as sea-level rise does not yet reach 13cm (relative to 1990) in Lymington, the
current trajectory of sea-level rise does not seem to be the H++ MSLR scenario.

ffffff H++
1.0 1 P Li_near SLR at 4.9mm/yr
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E / — Low
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E ]
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Figure 5.5 The optimal investment time for a threshold value of 13cm across all the MSLR
scenarios — The H++ SLR scenario is only plotted within the y-scale. The linearly increasing
sea-level rise (4.9mm/yr) is plotted to illustrate the maximum rate of sea-level rise to which the

threshold value of 13cm is valid.

5.2.5 Effect of future development on option values

This thesis also extends real options analysis to the cases of socio-economic developments at
-0.5%, 1%, and 2% annual growth rates. This represents decline or growth in property stocks
and values. The rates of the socio-economic change are assumed to be constant over time.

Based on the projections of EAB, the backward induction approach has been applied from
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2100 to 2016 for each combination of the growth rate scenarios and the MSLR scenarios. The

results are shown in Table 5.6 and Figure 5.6.

Table 5.6 The results of option values and optimal investment times for different future growth

rates in each MSLR scenario.

Future Optimal MSLR at optimal EAB at optimal
S::i:io growth rate '\::Vl\r/]lo)w '\(IEP\’(;T Investment investment time | investment time
(%) Time (cm) (E M)
-0.5% 118.0 118.0 Now 19.0 2.39
H 0% 158.0 158.0 Now 19.0 2.39
++
1% 278.0 278.0 Now 19.0 2.39
2% 489.0 489.0 Now 19.0 2.39
-0.5% 17.7 18.7 2027 14.7 2.03
High 0% 35.3 36.5 2025 13.8 2.07
i
8 1% 93.8 98.1 2029 15.6 2.54
2% 207.8 245.4 2054 28.3 7.15
-0.5% 7.7 10.6 2034 15.2 2.02
Medi 0% 23.2 25.5 2029 13.2 2.03
edium
1% 72.9 76.6 2030 13.6 2.37
2% 168.7 194.7 2053 23.3 6.11
-0.5% 0.25 5.5 2043 16.0 2.00
] 0% 13.9 17.8 2033 12.6 1.98
ow
1% 57.5 61.9 2030 11.5 2.18
2% 141.2 158.2 2045 16.8 4.19
-0.5% -22.35 -1.06 No investment - -
Historical 0% -14.47 1.08 2083 13.0 2.03
trend 1% 9.96 20.47 2045 7.7 2.08
2% 55.56 70.16 2044 7.6 2.69

As the positive future growth rates exponentially increase the expected annual benefit (EAB)

during the project life, the option values of NPVnow and NPVt increase with the future

growth rates as shown in Table 5.6. However, the optimal investment time for the high

growth rate (i.e. 1 or 2 % growth rates) occurs later than that for the 0% growth rate in the

High, Medium and Low MSLR scenarios. For the proof, the relations between optimal

investment times and future growth rates are derived for different SLR scenarios by the

formulation in Appendix N. It is because the optimal investment time is a moment for the

investment to give the largest option value under a given combination of SLR scenario and

future growth scenario. Thus, the result of real options analysis suggests ‘waiting longer’ for

a high future growth scenario than for a low future growth rate scenario, as it provides a

larger investment opportunity for option holders.
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Figure 5.6 Change in optimal investment time by different future growth rates according to
SLR scenarios

When evaluating an adaptation option under the various combinations of climate change
scenarios and socio-economic scenarios, careful attentions need to be paid to the application
of future growth rate scenarios. The option value is greater for scenarios with high growth
rates than with low growth rates. If a high growth rate is strongly expected, a decision based
on a non-growth rate scenario can be a strategic decision in terms of investment timing
because it is likely to lead to relatively early investment in comparison to a decision based on
a high future growth rate. Also, the option value will be increased by a realised high future
growth rate. In this case, the investment timing is considered as a less important factor than
the option value. In other words, even if the investment time is incorrect in high growth rates,
the option value will be very high due to the high growth rate, resulting in the investment in

an adaptation option.

For example, the selection of a 2% growth rate scenario in High MSLR scenario will lead to
Lymington being unprotected until 2054 when sea-level rise reaches 28cm. Instead, if a non-
growth rate scenario is taken for investment time, the investment will be made in 2025 with
NPV2025 (Which is termed for the investment at 2025) expected to be at least £ 36.5M in the
non-growth scenario. However, if the future growth rate is turned out to be 2% with such a
decision (i.e. invest in 2025), the option value of the investment at 2025 (i.e. NPV2g25) will

reach £ 225M as the 2% future growth rate realises.
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Chapter 5. Results of real options analysis in a deferrable option

However, if both future growth rate and sea-level rise scenario are uncertain, the investment
decision needs time to wait for observing a future growth rate. In this regard, climate change
scenarios and future growth rate scenarios can be properly combined in order to prompt
adaptation actions in a timely manner. As shown in Figure 5.7, the colour map shows optimal
investment times by different combinations of the SLR scenarios and future growth rate
scenarios, providing additional information on the sequential order of applications of the sea-

level rise scenarios and future growth rate scenarios.

The significance
of urgency (year)

Historical 2016
Trend
2027

- 2037

Low

- 2048

Med .— 2058

— 2069

High - 2079

Extremity of sea-level rise scenario

2000

H++ 2100

-0.5 0.0 0.5 1.0 1.5 20
Future growth rate (%)

Figure 5.7 The priority of sea-level rise scenarios and future growth rate scenarios in
investment time — The colour where the sea-level rise scenario and the growth rate scenario
intersect indicates the optimal investment time. Conversely, the scenarios should be addressed
in the sequential order of the optimal investment time. Note that the sea-level rise scenarios on

the y-axis are equally distanced for the illustrative purpose.

The coloured map indicates the time priority of combinations of sea-level rise scenarios and
future growth rate scenarios within the given timescale. For example, the red region
indicating optimal investment time between 2016 and 2020 is corresponding to the H++ SLR
scenario and (-) 0.5-to-2.0% future growth rate scenarios. This implies that we need to first

consider the H++ SLR than any other scenarios in 2016 and 2020. If sea-level rise is
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identified to be the H++ SLR scenario during the period, the investment should be made at
that time. Otherwise, we need to wait until the next period. Subsequently, the next candidate
scenarios in orange or green region will be considered with the next high priority for the

investment decision.

By following this process, the real options approach can achieve a maximum option value
and optimal investment time by resolving uncertainties from sea-level rise scenarios and
socio-economic scenarios with the sequential order. In addition, the milder the SLR scenario
IS, the more sensitive the optimal investment time is. In the H++ SLR scenario, the optimal
investment time is insensitive to the future growth rates, indicating the investment in 2016,
while in the Historical Trend SLR scenario, the optimal investment time significantly varies

between 2040 and 2100, depending on the future growth rate scenarios.

5.2.6 The effect of discount rates on option values and optimal investment time

This thesis has also estimated optimal investment times across a range of discount rates.
Figure 5.8 shows optimal investment times by different discount rates, which are estimated
by Bellman’s dynamic programming approach. The optimal investment times for different
discount rates (i.e. 0.5%, 2.5%, 3%, 3.5% and 4.5%) are marked with dots along the optimal

investment time-discount rate relation which is drawn from a formulation in Appendix O.

I Formular for optimal investment time]
2120 | = Dynamic Programming method

2100

2080

2060

2040

Optimal investment year

2020

2000

1 2 3 4 5 6

Discount rate (%)

Figure 5.8 Change in optimal investment time according to discount rates for the High SLR

scenario by the formulation method (line) and the dynamic programming (square points)
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Chapter 5. Results of real options analysis in a deferrable option

As seen in Figure 5.8, as the discount rate increases in a range from 2.5% to 5.5%, the
optimal investment time becomes later. The optimal investment time is the earliest around
2.25%. If the discount rate lowers below 2.25%, the optimal investment time becomes later.
This is counterintuitive to the rule of standard cost-benefit analysis as well as the practical
use of discount rates. In general, the low discount rate considers the future value to be more
important than the present value. This implies that the choice of a low discount rate prompts
an immediate investment for the future generation in a common sense. However, the real
options analysis gives different results from the cost-benefit analysis. Thus, the optimal
investment time is not valid in very low discount rates in practice. In addition, as the option
value is less discounted in the low discount rates, the investment will provide large option
values in comparison to the investment in the high discount rates. In such a low discount rate,
the immediate investment based on cost-benefit analysis can be a more reasonable and
efficient decision than the optimal investment based on real options analysis. This pattern is

observed in other SLR scenarios (Figure 5.9).

Historic trend (1.4mml/year)
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2010 ———————1

Discount rate (%)

Figure 5.9 Optimal investment times according to different discount rates by the formulation

method for each SLR scenario
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On the other hand, the optimal investment time in the H ++ SLR scenario has different
patterns from other scenarios. In the H++ SLR scenario, the current risk of coastal flooding is
very high and the performance of the upgraded coastal defence will rapidly reduce due to the
limitation on its capacity under extreme sea-level rise. Most optimal investment time occurs
earlier than now (i.e. 2016) even at the low discount rates — although the optimal investment
time becomes later than 2016 beyond the discount rate of 3.2%. For the purpose of
expression, we simply set the investment years before 2016 to be 2016. The optimal
investment time is insensitive to the discount rates in the most extreme SLR scenario (i.e.
H++ SLR scenario). Interestingly, it is also found that the Green Book (i.e. 3.5% for the first
30 years, 3.0% for the next 45 years and 2.5% afterwards) discount rate gives earlier optimal

investment time (i.e. 2025) than the constant discount rates (e.g. 3.5%).

5.2.7 Effect of the residual life (or longevity) of coastal defence on option evaluation

The previous analysis has applied the real options analysis upon the assumption that the life
of coastal defence is constant (= 100 years). Thus, the coastal defence is supposed to be
managed properly in order to protect Lymington during the whole life. The coastal adaptation
measures in SMP also include maintenance costs in the overall costs. However, the life of
coastal defences differs depending on how they are managed or how severely or frequently
coastal flood events will occur in the future. Thus, the framework of real options analysis
needs to be applied where coastal defences have different life periods. The benefits and costs
of the coastal defence change depending on the life of the project. Thus, this thesis has also
estimated the option values and optimal investment times of a coastal adaptation measure (i.e.
U._35m) With its duration to alter. The sensitivity analysis assumes that the life of the coastal
defence is increased or decreased by 5%, 10%, 20% or 25%, respectively. The results from
the application of real options analysis are shown in Table 5.7. As an exemplary case, the
Medium SLR scenario with the rate of 3.3mm/year has been selected for a sensitivity test

with other conditions (i.e. investment cost, discount rate, etc.) being constant.
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Chapter 5. Results of real options analysis in a deferrable option

Table 5.7 Results of option values and optimal investment times by different life periods of

the coastal adaptation measure at 3.3 mm/year of sea-level rise

Residual life inve;ﬁ:gilﬂme NPVoow NPVopr SLcman:)O'T
75 2042 3.19 10.22 17.16
80 2039 6.06 11.71 16.17
90 2033 11.11 14.67 14.19
95 2031 13.33 16.1 13.53
100 2029 15.7 17.4 12.87
105 2027 17.22 18.84 12.21
110 2025 18.92 20.12 11.55
120 2022 21.89 22.5 10.56
125 2021 23.18 23.59 10.23

As seen in Table 5.7, the longer the life of the coastal defence is, the earlier the optimal
investment time is. It is because, as the residual life increases, the period in which benefits
from the coastal adaptation measure will be gained is longer. Thus, the option values of the
coastal adaptation measure (i.e. NPVnow and NPVopt) increase together with the life of the
coastal defence. However, NPVnow rises more rapidly than NPVt as shown in Figure 5.10 -
Note that the increased benefits from the distant future are more discounted so that the effects
of the benefits from the distant future are smaller than from the near future. This leads to little
difference between NPVnhow and NPVt in the coastal adaptation measure with a long residual
life (Figure 5.10 (a)). This implies that the optimal investment time occurs little earlier for the
coastal defence with the long residual life. Thus, the investment needs to be made earlier if

the coastal adaptation measure has the longer residual life.
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Figure 5.10 (a) Change in NPVnow and NPVopt; and (b) change in optimal investment year by

different life periods of coastal adaptation measure at 3.3mm/year of sea-level rise

This analysis has been made on an assumption that the maintenance cost of the coastal
adaptation is constant, even though the life of coastal defence extends. In a common sense,
prolonging the life of coastal defence requires more costs and resources for management. For
a more sophisticated analysis, the increased costs for the extension of the coastal defence life
need to be considered by comparing with the increase in option values (NPVnow and NPVopt).
For instance, increase in the residual life by 10 years leads to increase in NPVnow and NPVgpt
by £ 3.2 M and £ 2.7 M, respectively (Table 5.7). If it increases the maintenance cost by £ 5
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Chapter 5. Results of real options analysis in a deferrable option

M, NPV now and NPVt are estimated to be £ 16.89 M and £ 18.84 M, respectively, which are
little higher than in the case of the 100-year residual life. The optimal investment time is just
one year earlier than that of the 100-year-life coastal defence. If the maintenance cost
increases significantly for the management, the optimal investment time may be found later,
though it increases the residual life of the coastal defence. The effects of the residual life on
the option values and optimal investment times need to be considered in association with the

maintenance costs.

5.2.8 Effect of SLR projection periods on option evaluation

The IPCC data provide information on SLR projections until 2100 (Lowe et al., 2009). Since
real option analysis calculates option values backwardly from the end year of SLR projection,
the year of 2100 is set as a start year for the option evaluation. However, the projected period
of sea-level rise can differ depending on data types, climate change prediction models or
computational techniques. It is plausible that the real options are assessed under different
projection periods of sea-level rise. To see the effects of SLR projection periods on option
evaluation, this part estimates the option values and optimal investment times of an
adaptation option (i.e. U, 3 s,,) With different SLR projection periods. The results are

summarised in Table 5.8.

Table 5.8 Results of real options analysis by different periods of sea-level rise projections

Periods of SLR Optimal investment SLR at OIT
Projection time NPVopt (cm)
2075 2029 17.49 12.87
2080 2029 17.49 12.87
2090 2029 17.49 12.87
2095 2029 17.49 12.87
2100 2029 17.49 12.87
2105 2029 17.49 12.87
2110 2029 17.49 12.87
2120 2029 17.49 12.87
2125 2029 17.49 12.87

As shown in Table 5.8, the projected periods of SLR have no effects on option values and

optimal investment years. This is because a continuation value and a termination value at
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every year have been estimated upon the extrapolated trajectory of the SLR projection. The
estimation process has been iteratively conducted in a backward way. Thus, whenever the
option evaluation starts, the real options analysis gives the same results of option value and
optimal investment time as long as the extrapolated SLR projection never change. It can be
concluded that the SLR projection periods have no effect on option evaluation in real options

analysis.

5.2.9 Sensitivity analysis of option values and optimal investment times

As investigated previously, the option values and optimal investment times are subject to
various factors. As coastal adaptation measures are implemented under various conditions,
the option values and optimal investment times have large uncertainty intrinsically. Thus, it is
important to understand which factor will play an influential role in real-options-based
decisions. The sensitivity analysis of the optimal investment and option value has been
conducted with changes made to individual factors such as the rates of sea-level rise, future
growth rates, discount rates, investment costs and the life of coastal defence. For sensitivity
test, the individual factors have been increased or decreased by 5%, 10%, 20% and 25%. For
comparison, a reference condition has been set out with the rate of sea-level rise
(=3.3mmlyr), investment cost (= £ 64.2 M), discount rate (=3.5%) and residual life (=100
years). The results are shown in Appendix P. For an illustrative purpose, the variations in
optimal investment time, option value and sea-level rise at the optimal time are ranged by

10%- and 20%- changes to each factor in Figure 5.11.

As seen in Figure 5.11, the optimal investment time and option value both are sensitive to all
the factors except the project year. In other words, the optimal investment time and option
value are determined by various investment conditions. By comparing the variations in the
option values and optimal investment times by each factor, some important aspects have been

found in applying the real options analysis into climate change adaptation.
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Figure 5.11 Variations in optimal investment time, option value and sea-level rise at optimal

investment time according to 10%- and 20%- changes to each factor, respectively
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Firstly, as investigated in Figures 5.11 (a) and (b), the optimal investment time and option
value are most sensitive to the investment cost. The option value is determined by all the
benefits minus all the costs. Thus, the investment cost directly affects the option value. In the
real-life issues, uncertainty from investment cost can stem from various sources such as the
nature of construction work, human’s error or mistake, planning, budgeting and economic
situations. Thus, when applying the real options analysis, the investment costs need to be

tackled with more attention.

Secondly, the option value is also sensitive to the rate of sea-level rise. However, the sea-
level rise at optimal investment time is insensitive to the rate of sea-level rise. As reviewed
previously, the optimal investment time is when EAB from an adaptation measure is equal to
the investment cost times discount rate. Thus, the similar values of sea-level rise at the
optimal investment time occur for an adaptation measure, even if the rates of sea-level rise
are different. This has also been investigated by deriving the formulas of optimal investment

condition in section 5.2.4.

Thirdly, although the optimal investment time is subjected to the future growth rates and
discount rates, the sensitivity of the optimal investment time to those factors is less than to
other factors. This is because the future growth rates and discount rates increase (or decrease)
the option values of NPVnow and NPVt together by multiplication. As the optimal
investment time is related to the difference between NPVnow and NPVopt, the sensitivity of the
optimal investment time due to those factors is small in comparison to that of the option value

(NPVopt) - Note that those two factors increase the option values considerably.

In terms of the residual life of coastal defence, it is also influential on real-option-based
decisions. As it significantly changes the optimal investment time and option value, this
factor can act as uncertainty in investment decisions. As the residual life is related to the
management of coastal defence, a way to reduce uncertainty from the residual life is to
consider sufficient maintenance cost in coastal adaptation planning. This will ensure the

coastal defence performs well until the expected life.

Lastly, as seen in Figure 5.11 (a), (b) and (c), the change in SLR projection period has no
influence on the optimal investment time, option value and sea-level rise at the optimal

investment time. Thus, this factor does not need to be considered in option evaluation.
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5.3 The effect of breaching failure modes on option evaluation

The previous analysis has been conducted upon the assumption of no-breaching. As reviewed
in the past flood events, Lymington had experienced the breaching failure events. Although
the coastal defence has been upgraded after the most recent breaching event on 17"
December 1989, Lymington still has the possibility of the coastal defence being breached due
to extreme coastal flood events and sea-level rise. However, this thesis assesses the
possibility of the breaching to be very rare in Lymington due to the proper upgrade of coastal
defence. Weak points where the breaching might occur in the future are represented based on
the previous research on Lymington by Wadey et al. (2012) in Figure 5.12 (a). As an
exemplary case, a possible breaching failure has been simulated with a 1-in-200 year flood
event in Figure 5.12 (b). Whether breaching failure occurs or not depends on water levels,
defence conditions and waves (Dawson and Hall, 2006; Wadey, 2013). Thus, the occurrence

of breaching failure is uncertain and probable.

@ Breach locations/points
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(a) (b)
Figure 5.12 (a) Vulnerable spots of breaching failure within the current coastal defence

system (Wadey et al., 2012) (b) Breaching failure simulation against a 1/200 coastal flood

event

To examine the effects of breaching failure on real options analysis, this thesis re-establishes
the relationship between climatic variables and monetised flood damages as shown in Figure
5.13. The breaching failure is assumed to occur when the water level reaches near the crest

level of coastal defence. In a more detail, when the water level exceeds 40cm below the crest
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of the coastal defence, the breaching is assumed to occur. This deterministic assumption may
lead to the overestimation of flood damages. However, as the purpose of this analysis is to
understand the effect of breaching failure on option evaluation, this thesis adopts this
assumption for the estimation of flood damages. The sections of the coastal defence at the
possible breaching points are forcingly lowered by 1m in DEM data. Flood simulations have

been conducted with various water levels (i.e. ESWL+SLR+WAVE) by 0.2m increments.
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Figure 5.13 Monetised flood damage curves for each defence condition in breaching and non-

breaching scenario - which represent relationships between water levels and flood damages.

As illustrated in Figure 5.13, considering the breaching failure in the defence failure
scenarios changes flood damage-water level relations over climatic variables. The flood
damages by high water levels near the crest of coastal defence are increased as shown in
Figure 5.13. This leads to increase in EAD for each coastal defence condition. Subsequently,
the EAB from the adaptation measure changes due to the inclusion of the breaching failure
mode. Based on the estimation of EAB for an adaptation measure (i.e. U._35m), the

termination and continuation curves have been drawn in Figure 5.14.
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Figure 5.14 The option values (i.e. NPVnow and NPVqpt) and optimal investment times in

breaching (dash line) and non-breaching scenario (solid line) for (a) H++ SLR scenario and
(b) High SLR scenario

As shown in Figure 5.14, the curves of the termination and continuation value have been
changed due to the inclusion of the breaching failure. For the H++ SLR scenario, the option
value drops as a whole whereas, for the High SLR scenario, the option value increases up.
This contradiction is due to the capacity limit of the coastal defence to protect the floodplain

against coastal flooding. For instance, in the H++ SLR scenario, extreme flood events with
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water levels over 3.5 mAOD can occur frequently. This extremity of coastal flooding is more
likely to exceed the capacity limit of the upgraded defence condition. Thus, it may cause
breaching more frequently even if the coastal defence has been upgraded. The effect of the
adaptation measure (i.e. U._ 3 s,) becomes less useful at such an extreme still water level.
This leads to the overall decreases in EAB and, subsequently, option values. It implies that
the coastal defence needs to be strong enough to withstand the extreme coastal flooding, if
sea-level rise follows the H++ SLR scenario. On the other hand, in the High SLR scenario,
the upgraded coastal defence can cover the extremity of coastal flood events in which an
expected maximum water level is approximately 3.0 mAOD. This height is within the
protective capacity of the upgraded coastal defence. Thus, the upgraded coastal defence
reduces the risk of breaching failure, leading to increase in the utility of the upgraded coastal
defence. Also, the option values of NPVnow and NPVt increase, as a whole, with the early
occurrence of the optimal investment time in the High SLR scenario.

As investigated, different defence failure modes need to be considered for the estimation of
option values and optimal investment times. However, the dynamics of coastal flooding
combined with various defence failure modes are very complicated to describe only with
flood damage curves and benefit curves used in this thesis. In addition, as this analysis
assumes that the defence breaching at extreme water levels near or above the defence crest
occurs with a probability of 1.0, the flood damages obtained here might have been
overestimated. In this respect, the results of real options analysis are conditional on the
assumption of defence failure modes. Nevertheless, this approach enables us to have an
important insight into how to include various defence failure modes in option evaluations and

how the flood-damages curves affect the results of real options analysis.

5.4 Real options analysis in the stochastic case of sea-level rise (Brownian motion)

The previous section has applied real options analysis only in the MSLR scenarios. As done
in the case of MSLR, the real option approach can be applied for the stochastic process of
sea-level rise (i.e. Brownian sea-level rise). This is a special case made upon an assumption
that sea-level rise can be described with Brownian motion (Refer to Section 4.2.3). The
dynamic programming approach has been applied to calculate option values for randomly

evolving sea-level rise which is generated by General Brownian motion. A great number of
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stochastic processes of sea-level rise are possible from the Brownian motion. The Brownian

motions of sea-level rise from High SLR scenario are produced for the analysis.

As sea-level rise is stochastic variable, EAB is also stochastic variable dependent on sea-level
rise. To estimate EAB from the stochastic process of sea-level rise, this thesis establishes a
relationship between EAB and SLR as shown in Figure 5.15, which has been made by

estimating each EAB by 0.2m-increment of sea-level rise.
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Figure 5.15 Relation between EAB and SLR for the upgrade of coastal defence to 3.5 mMAOD

Change in EAB is plotted with the time-series of likely benefit values and their probabilistic
ranges (the 5™ and 95" percentiles) as shown in Figure 5.16. Thus, the likely flood benefits in
Figures 5.16 indicate the performances (i.e. reduction in flood damages) of the coastal

adaptation measure against the annual maxima of coastal flood events.
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Figure 5.16 Random time-series of EAB (dash line) and likely annual benefits (red solid line)

due to the upgraded coastal defence with its probabilistic range for High SLR scenario.

As the evolving patterns of sea-level rise are random, the results of optimal investment time
and option values (i.e. NPVnow and NPVopt) are also random and uncertain. Figure 5.17 shows
changes in sea-level rise and the corresponding option values (i.e. termination and
continuation values) for the Brownian motion of sea-level rise and mean sea-level rise,

respectively.
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Figure 5.17 (a) An example of Brownian motion of High SLR with mean sea-level rise (dash);

and (b) option values by Brownian SLR (solid lines) and Mean SLR (dash lines) — Other

examples are shown in Appendix Q

As seen in Figure 5.17, the option value and optimal investment time vary depending on the
increasing patterns of sea-level rise over the 21% century. Sea-level rise starts from 12 (cm) at
2016 and keep increasing to 50 cm until 2100. In this pattern of sea-level rise, the optimal
investment time occurs around 2023, which is earlier than the optimal investment time (i.e.
2025) for the High MSLR. However, the values of NPVnow and NPV are smaller than those
of the High MSLR scenario. The results of optimal investment time and option values from

other patterns of sea-level rise are included in Appendix Q.

This example shows practical issues regarding the uncertainty of sea-level rise. This
uncertainty issue is substantial in investment decisions because the optimal investment time
and option value randomly vary according to the pattern of sea-level rise. However, a
meaningful finding is that the optimal investment time also occurs when sea-level rise
reaches the critical threshold value in most SLR patterns shown in Figure 5.18. In the case of
MSLR, this thesis has already proved that the optimal investment time for coastal adaptation

measure (i.e. U._35,) In Lymington is when sea-level rise reaches approximately 13 cm.

When we read the values of sea-level rise at the optimal investment time under all the
example cases, most values of sea-level rise are found around this critical threshold value (=
13cm) as shown in Figure 5.18. This has an important implication in climate change

adaptation decisions. Even though sea-level rise in the future randomly evolves over time, the

191



investment decision based on the critical threshold value is likely to provide a maximum
option value under a materialised sea-level rise. Thus, however sea-level rise evolves in the

future, this critical threshold value enables us to find the optimal investment time in the real

world.
10 —— CASE|
——CASE I
v+ SLR at optimal time for Case | ——CASE Il
0.8+ + SLR at optimal time for Case II High MSLR
E 4+ SLR at optimal time for Case IlI
; 0.6 + SLR at optimal time for High MSLR
2
[
o 04+
@
O
w
0.2
Sea-level rise = 13 cm
0.0
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2000 2020 2040 2060 2080 2100
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Figure 5.18 Sea-level rise at optimal investment time (indicated by triangles) for each case —
years where the vertical dash lines intersect x-axis indicate the optimal investment years for
the corresponding sea-level rise patterns. Most values of sea-level rise at the optimal

investment times are found near the critical threshold value (13cm).

As seen in Figure 5.18, the values of sea-level rise in Case Il and Case 11 (indicated by red
and blue lines) exceed the critical threshold value (i.e. 13cm) before the optimal investment
times, drop below it and exceed again. In these cases, the critical threshold value does not
seem valid. However, when we observe the termination and continuation values in the Cases
Il and 111 (Refer to Appendix Q), the termination value almost reaches the maximum option
value when sea-level rise exceeds the critical threshold value. This implies that, if the
investment is made at the critical threshold value, the decision is highly likely to provide a
maximum option value or, at least, a slightly lower value than its maximum under the given
pattern of sea-level rise. To support this argument, this thesis has also derived a formulation
to explain a relationship between optimal investment time and critical threshold value in the
stochastic case of sea-level rise in Appendix R. The finding of a critical threshold value is
very important in investment timing in real-options-based approach because it is a key
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indicator to ensure an adaptation option is implemented at the optimal investment time under
the uncertainty of sea-level rise. As investigated, this finding is also valid in both cases of
deterministic and stochastic SLR scenarios. In this regard, the critical threshold value gives a
practical way of how to use the flexibility of wait in climate change adaptation under the

uncertainty of magnitudes and patterns of sea-level rise.

5.5 Summary

This chapter has investigated how a single deferrable adaptation option can be implemented
optimally and economically in terms of timing. Through this analysis, it is understood that a
decision on whether to invest or wait is closely related to the investment timing. The part of
this thesis provides an innovative way to estimate the option values and optimal investment
times of a single deferrable adaptation option for all the SLR scenarios in both cases of
MSLR and Brownian SLR. The option value increases with time to a maximum (which is a
real option value (NPVop) at optimal investment time) and then decreases again after this
time. The analysis suggests that the investment in the upgrade of the coastal defence up to 3.5
mAOD in Lymington needs to be deferred under all the SLR scenarios except the H++ SLR
scenario. It has been also demonstrated that the adaptation option implemented at the

optimum time statistically has a maximum value with a statistical confidence.

The most important finding for a deferrable adaptation option is that there is an absolute
critical value of sea-level rise that indicates the optimal investment time under each SLR
scenario. Conversely, the optimal investment time is when sea-level rise reaches this absolute
threshold value. For this reason, the real options analysis in climate change adaptation can be
supported by an observation process to detect the critical value (in this case, sea-level rise)
and optimal investment time. Thus, decision-makers can trigger the adaptation option at the
optimal investment time by observing this value in the real world. This chapter suggests that
the observation improves the quality of our decisions under the uncertainty of sea-level rise.
Also, the absolute sea-level rise enables us to know when the investment should be
implemented, even if we do not know the current trajectory of sea-level rise in the real world.
Subsequently, the effectiveness of real options approaches will rely on the ability to measure

the amount of sea-level rise relative to a base year (i.e. 1990).

In application of real options analysis in climate change adaptation, it should be noted that
different future growth rates result in different investment times and option values. They also
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change the optimal investment time and the critical value of sea-level rise, except for the H++
SLR scenario. Nevertheless, the framework of real options analysis helps to understand
which combination of SLR scenario and future development scenario prompts actions in a
timely manner with future learning. This analysis enables us to prioritise SLR scenarios and
future growth scenarios in time for the investment to gain a maximum option value during the

period of the wait.

This chapter has also investigated the option values and optimal investment times of an
adaptation option under the breaching scenario. As seen in Figure 5.13., the inclusion of the
breaching failure at higher water levels increases expected annual damages in a statistical
sense for all the defence conditions. Thus, the changed relations between climatic variables
and flood damages or benefits from adaptation measures have altered the optimal investment
times and option values in the framework of real options analysis. This thesis assumes that
defence breaching will occur at a certain water level in a deterministic way. As well known,
the breaching failure is probable, depending on water levels, waves and defence grades. Thus,
how to incorporate the probability of breaching failure in the framework of real options
analysis needs to be further investigated. Due to the limitation on PhD research, this part is

left for future research.

This chapter has also applied the framework of real options analysis for the stochastic case of
sea-level rise (i.e. Brownian motion). As sea-level rise is a random process, the option value
and optimal investment time are also random depending on the pattern of sea-level rise.
However, it has been demonstrated that the critical threshold value of sea-level rise is still
valid, indicating optimal investment time in the stochastic case of sea-level rise.

One of issues in this chapter is that a single deferrable adaptation option does not manage the
current risk of coastal flooding in Lymington. If we invested in a significant flood defence
upgrade in 2016, we might benefit from the upgraded coastal defence immediately. However,
this decision closes the future investment opportunity as the investment is irreversible. This
balance should be considered in decision-making process. In this context, one question is ‘do
we have to wait after a severe flood damage to Lymington?’. The option to wait or the
optimal investment time cannot answer this question. As a possible answer, we can reduce an
initial size or investment cost of an adaptation option so that it will bring forwards the
optimal investment time within a given timescale. However, in this case, as the flexibility
disappears after the early investment, the real-options-based approach is of no use in dealing

with future uncertainty.
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As a possible alternative strategy, we can take multiple-stage investments or growth options
by phasing a single-large investment into multiple-stage investments. This type of option
including a future extension can manage the current risk of coastal flooding as well as the
future risk by the future extension option kept open within the timescale of the adaptation
planning. This type of adaptation option is called ‘option to grow’ as reviewed in the
literature chapter. The nature and characteristics of multiple-stage adaptation option are
different from those of a single deferrable adaptation option. This option will be addressed in
the next chapter.
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6. Results of real options analysis in future growth options
6.1 Overview of future growth options

A single deferrable adaptation option cannot manage the current risk of coastal flooding, if
the result of real option analysis suggests waiting for a decade or longer. Such decisions may
leave people and areas exposed to the risk of climate change during the period of the wait.
One of possible ways to address this issue is to transform a single large investment into two
or more sequential investments. This type of adaptation strategy is referred to as adaptive
management, adaptation pathways approach, dynamic adaptations, option to grow or future
growth option (Hallegatte, 2009; Haasnoot et al., 2013; Ranger et al., 2013). In addition, the
future extension provides an opportunity to learn the future, thus, leading to more informed
decisions in the future (Ranger et al., 2013). In this context, the multiple-stage adaptation
option provides some advantages, allowing us to upgrade the coastal defence in response to
sea-level rise in the future. The option value of a multiple-stage adaptation is obtained by
estimating each stage option of the multiple-stage adaptation. The process to assess a

multiple-stage adaptation is shown in Figure 6.1.
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Figure 6.1 The framework of the assessment of multiple-stage adaptation path for option

values and optimal investment times

This chapter aims to evaluate the multiple-stage adaptation options under the uncertainty of
future climate change and sea-level rise. This chapter is structured as follows. Firstly, this
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chapter provides the results of option evaluation for all the adaptation paths by different
premium costs in different SLR scenarios. Secondly, the quantitative comparison of all the
adaptation paths is conducted to find the most efficient and robust strategy under the
uncertainty of SLR scenarios. Lastly, the chapter highlights the result and its implications of

the multiple-stage adaptation options in association with real options analysis.

6.2 The results of option evaluation for multiple-stage adaptation options

6.2.1 Single-stage adaptation paths

For the baseline scenarios of the coastal adaptation measures, this thesis has assessed single-
stage adaptation options with the different crest levels of the coastal defence. As the
investment in such adaptation options is made at once, there is no additional or premium cost
for the single-stage adaptation options. Each of the adaptation options has different option
values (i.e. NPVopt, NPVnow) and optimal investment times according to SLR scenarios. The

results are shown in Table 6.1.

Table 6.1 Option values (i.e. NPVhow and NPVopt) of investment now and at the optimal
investment time by different MSLR scenarios for each single-stage adaptation option — Note
that, |f NPVnoW |S maXimum, NPVopt |S NPVnow.

Adzgiazion scesn?rios aniS;fg o NPVoow NPVopt Investment time o;S)It_iI?nztl fc?nie

H++ £1248 M £1248M Now (i.e. 2016) 19cm
High £67.2M £67.2M Now (i.e. 2016) 10cm

Ucszom Medium £32.1M £549M £549M Now (i.e. 2016) 8cm
Low £45.7 M £45.7M Now (i.e. 2016) 7cm
Historic £17.3 M £17.3 M Now (i.e. 2016) 4cm
H++ £158.0M £158.0M Now (i.e. 2016) 19cm
High £353M £365M 2025 14 cm

Ucszsm Medium £ 64.2M £232M £255M 2029 13cm
Low £139M £17.7M 2033 13 cm
Historic £(-)145M £1.08M 2083 13 cm
H++ £1754 M £1754 M Now (i.e. 2016) 19cm
High £3.26 M £20.6 M 2048 25cm

Ucssom Medium £ 96.3M £(-)8.98M £12.4M 2056 25cm
Low £(-)182M £72M 2066 25cm
Historic £(-)46.6 M £(-)0.84M No investment
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6.2.2 Two-stage adaptation paths

The option values of two-stage adaptations have been estimated under different SLR
scenarios. At first, we have divided the single-stage adaptation up to 3.5 mAOD or 4.0
mAOD into two-stage adaptations, respectively. The possible two-stage adaptation paths for

the upgrade of the coastal defence are denoted by

e Coastal defence upgrade up to 3.5 MAOD: U, om * Us om—3.5m

e Coastal defence upgrade up to 4.0 mAOD: U._3 om * Us om—a.0m OF Ucszsm * Us smoaom

If a single-stage investment is divided into two sequential investments, it causes an additional
cost (defined as a premium cost) for including flexibility in the two-stage investments. Thus,
this thesis assumes that the premium cost is added to the cost of the two-stage adaptations
with the variation of the premium cost from 20% to 50% of the overall investment cost (i.e.

lpremuim = percentage x loverall cost)-

(1) Uc—>3.0m * U3.0m—>3.5m

When the coastal defence is raised to 3.0 mAOD, the optimal investment time occurs now
(i.e. 2016) for all the SLR scenarios because the initial investment cost in the first stage is the
least among all the adaptation options. However, for the Historical trend scenario, the
upgrade of the crest level to 3.0 mAOD needs to be awaited until 2025, 2033 and 2042 for
30%, 40% and 50% premium cost scenarios, respectively.

For the H++ SLR scenario, the occurrence of extreme storm surges over 3.0 mAOD is
expected to become more frequent from 2050 onwards. As sea-level rise is around 1.75m at
the end of the 21st century in this scenario, the further upgrade will be needed to protect
Lymington in the future.

On the contrary, for other mild SLR scenarios, storm surge events over 3.0 mAOD will rarely
occur during the 21st century. Thus, over 3.0 mAOD level coastal defence is considered as
redundancy based on the current analysis. In the High SLR scenario, sea-level rise is
expected to be around 0.5m in 2100. In this scenario, the implementation of the second
adaptation option will be needed at the end of 21% century (i.e. 2100). In other milder SLR
scenarios than the High SLR scenario, the second adaptation option is not needed. The option
values and the optimal investment times of the second adaptation option (Us gm-3.5m) have
also been estimated in response to the realisation of different SLR scenarios. The results of

option evaluations are shown in Table 6.2.
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Table 6.2 Option values (NPVopt) and optimal investment times (OIT) by different premium

costs in different SLR scenarios for the adaptation path of U._3 om * U3 om—3.5m-

The first phase adaptation The second phase The ovgrall
SLR Premium (Usszom) adaptation (Us gm-3.5m) w adapitla]tlons )
) ) coz.0m * Usomozsm
scenario | seenane T NPVorr o | eem [ NPVorr T O [ #hem | NPVopr
(£ M) (£ M) (£ M) (£ M) (E M) (£ M)
20% 38.52 118.4 Now 38.52 38.2 2048 77.04 156.6
30% 41.73 115.3 Now 41.73 37.6 2049 83.46 152.9
i 40% 44.94 112.0 Now 44.94 36.6 2051 89.88 148.6
50% 48.16 108.8 Now 48.16 35.7 2052 96.33 144.5
20% 38.52 60.6 Now 38.52 0.92 2100 77.04 61.52
High 30% 41.73 57.4 Now 41.73 0.81 2100 83.46 58.21
40% 44.94 54.32 Now 44.94 0.64 2100 89.88 54.96
50% 48.16 50.9 Now 48.16 0.46 2100 96.33 51.36
20% 38.52 48.5 Now | 3852(0) | -1.0(0) - 38.52 485
Vedium 30% 41.73 45.4 Now | 41.73(0) | -1.1(0) - 41.73 45.4
40% 44.94 42.2 Now | 44.94(0) | -1.3(0) - 44.94 422
50% 48.16 38.9 Now | 48.16(0) | -1.5(0) - 48.16 38.9
20% 38.52 39.3 Now | 3852(0) | -1.6(0) - 38.52 39.3
ow 30% 41.73 36.2 Now | 41.73(0) | -1.7(0) - 41.73 36.2
40% 44.94 32.9 Now | 44.94(0) | -1.9(0) - 44.94 32.9
50% 48.16 29.6 Now | 48.16(0) | -2.0(0) - 48.16 29.6
20% 38.52 10.9 Now 38.52(0) -2.1(0) - 38.52 10.9
Historical 30% 41.73 8.3 2025 | 41.73(0) | -2.3(0) - 4173 8.3
Trend 40% 44.94 6.1 2033 | 44.94(0) | -2.4(0) - 44.94 6.1
50% 48.16 4.6 2042 48.16(0) -2.6 (0) - 48.16 4.6

* In the second phase, if NPV is estimated to be negative, there is no need to invest in the second phase upgrade. Thus,
the investment cost and NPV, is represented to be zero.

e For the H++ SLR scenario, the first and second adaptation options will be
implemented with the optimal investment time of 2016 and 2048 to 2052,
respectively. The investment costs for the first and second adaptations will be spent at
the corresponding investment years. In the end, the option value of the adaptation path
Ucssom * Us.om—szsm 1S €xpected to reach £ 156 M to 144 M, depending on premium
costs, with the overall investment cost to be £ 77 M to 96 M in the H++ SLR scenario.

e Inthe High SLR scenario, the first and second adaptation will be also implemented
with the investment time of 2016 and 2100. However, the investment time of the
second adaptation option is so far from the present that the option value from the
second adaptation option is very small ranging from £ 0.46 M to 0.92 M. The overall

investment cost spent in the High SLR scenario is the same with the overall cost in the
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H++ SLR scenario. However, the overall option value is much lower than in the H++
SLR scenario, while it is higher than in other milder SLR scenarios.

e Inthe Medium, Low and Historical trend SLR scenarios, the first adaptation option is
implemented whereas the second adaptation option will not be done. The overall
investment cost is estimated to be £ 38.52 M to 48.16 M, which is much lower than

the investment cost in the High and H++ SLR scenario.

The faster sea levels rise, the higher the overall option value of the adaptation option will be.
In addition, as the premium cost increases, the overall option value decreases. The overall
investment costs and option values for different SLR scenarios have been assessed in the last

columns of Table 6.2.

(2) Uc—>3.5m * U3.5m—>4.0m

The two-stage upgrade of the coastal defence up to 3.5 mAOD cannot protect Lymington
from extreme water levels above 3.5 mAOD. The coastal defence upgrade up to 4.0 mAOD
level may be needed if the most extreme coastal flood event is expected to occur (i.e. the H++
SLR scenario). The adaptation path with the start of 3.5 mAOD level upgrade in the first
stage may be more efficient in the H++ SLR scenario than an adaptation path starting 3.0
mAOD level coastal defence in the first stage. Although this option appears to be similar to
the single-stage adaptation up to 3.5 mAQOD level (U._ 5 s,,) at the outset, the investment cost
for U.3.5m * Us sm—a.0m 1S higher due to the premium cost for flexibility or future extension,
than the single-stage adaptation (i.e. U._3s,,). Table 6.3 shows the results of U,._ 3 s, *

U3 5m—a4.0m Dy different premium costs (lpremium) in different SLR scenarios.

e For H++ SLR scenario, the first and second adaptation option will be implemented
with the investment time of 2016 and 2068 to 2077, respectively. As the overall
investment cost increases due to increase in the overall size of the coastal defence, the
investment time of the second adaptation occurs later than that in U._ 3 ¢, *
Us.om-3.5m-

e In High, Medium and Low SLR scenarios, the first adaptation option will be
implemented with the different investment time depending on the SLR scenarios and
premium costs. However, the second adaptation option will not be implemented in the
future. This is a case where the investment cost is too high for the first stage

investment to proceed.
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e No investment will be made in the Historical trend SLR scenario.

Overall, the optimal investment time in this adaptation path is later than the adaptation path
of U._3.0m * Us.om—3.5m- IN addition, the option value is much lower than the former

adaptation path in all the SLR scenarios except the H++ SLR scenario.

Table 6.3 Option values (NPVopt) and optimal investment times (OIT) by different premium

values in different SLR scenarios for the adaptation path of U._ 3 5, * Uz sm—s.0m

The first phase adaptation The second phase The OVe.ra”
SLR Premium (Uesszsm) adaptation (Us sm-4.0m) w adapitla]tlons )
. B c—-3.5m 3.5m—-4.0m
scenario | seenane T NPVorr o | Ml [ NPVorr [ [ iten [ NPVoRT
(E M) (£ M) (E M) (E M) (E M) (E M)
20% 73.89 146.5 Now 41.79 13.89 2068 116.28 160.39
s 30% 78.74 143.5 Now 46.63 13.62 2071 125.97 157.12
40% 83.58 138.6 Now 51.48 12.82 2074 135.66 151.42
50% 88.42 133.8 Now 56.32 12.31 2077 145.35 146.11
20% 73.89 30.4 2032 41.79(0) -2.32(0) - 73.89 30.4
High 30% 78.74 27.8 2036 46.63(0) -2.59(0) - 78.74 27.8
40% 83.58 25.5 2039 51.48(0) -2.86(0) - 83.58 255
50% 88.42 23.5 2043 56.32(0) -3.13(0) - 88.42 235
20% 73.89 20.1 2038 41.79(0) -2.32(0) - 73.89 20.1
Medium 30% 78.74 18 2042 46.63(0) -2.59(0) - 78.74 18
40% 83.58 16.2 2046 51.48(0) -2.86(0) - 83.58 16.2
50% 88.42 14.6 2050 56.32(0) -3.13(0) - 88.42 14.6
20% 73.89 13.3 2044 | 41.79(0) | -2.32(0) - 73.89 13.3
ow 30% 78.74 11.5 2049 | 46.63(0) | -2.59(0) - 78.74 11.5
40% 83.58 10.1 2054 51.48(0) -2.86(0) - 83.58 10.1
50% 88.42 8.9 2058 56.32(0) -3.13(0) - 88.42 8.9
20% 73.89(0) | -1.6(0) - 41.79(0) | -2.32(0) - 0 0
Historical 30% 78.74(0) | -1.9(0) - 46.63(0) | -2.59(0) - 0 0
Trend 40% 83.58(0) | -2.1(0) - 51.48(0) | -2.86(0) - 0 0
50% 88.42(0) | -2.4(0) - 56.32(0) | -3.13(0) - 0 0

(3) Uc—>3.0m * U3.0m—>4.0m

The previous two-stage upgrades have evenly distributed a premium cost into each stage of
the adaptation path. When considering a higher standard-of-protection coastal defence in the
final stage, the distribution rule for investment and premium cost needs to be modified to
allocate more costs in the first stage than in the later stage. For example, the first-stage
upgrade in an adaptation path which is designed to be raised up to 4.0 mAOD in all the stages
should cost more than the first upgrade in an adaption path raised up to 3.5 mAOD. This
implies that the part of construction work (e.g. strengthening the base) for the future
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extension should be conducted in the first stage. Therefore, the cost of the first-stage upgrade
up to 3.0 MAOD has been estimated with in mind the future extension up to 4.0 mAOD.
Firstly, we have evenly divided the overall investment cost (i.e. | + lpremium) for U._5 om *

Us om—4.0m INtO the first and the second stage. After the first upgrade of the coastal defence is
made up to 3.0 mAOD, we can upgrade the coastal defence from 3.0 mMAOD to 4.0 mAOD in
response to sea-level rise. Table 6.4 shows the option values of U._ 3 gy * U3 0—4.0m Under

different SLR scenarios and premium cost scenarios.

Table 6.4 Option values (NPVopt) and optimal investment times (OIT) by different premium

values in different SLR scenarios for the adaptation path of U._3 om * Us.0m-4.0m-

The first phase adaptation The second phase The ovgrall
SLR Premium (Ucszom) adaptation (Us om-4.0m) (w adaritlajnons )
: : c>3.0m * Uzomoaom
scenario | seenane T NPVorr o | Ml | NPVorr [ O [ iten [ NPVoRT
(£ M) (£ M) (£ M) (£ M) (£ M) (£ M)
20% 58.14 99.11 Now 58.14 54.97 2050 116.28 154.08
s 30% 62.98 94.27 Now 62.98 53.49 2051 125.97 147.76
40% 67.83 89.42 Now 67.83 52.04 2052 135.66 141.46
50% 72.68 84.57 Now 72.68 50.63 2052 145.35 135.20
20% 58.14 41.43 2019 58.14(0) 0.17(0) - 58.14 41.43
High 30% 62.98 37.70 2023 62.98(0) 0.41(0) - 62.98 37.70
40% 67.83 33.91 2028 67.83(0) -0.71(0) - 67.83 3391
50% 72.68 30.86 2031 72.68(0) 0.97(0) - 72.68 30.86
20% 58.14 29.77 2022 58.14(0) 2.10(0) - 58.14 29.77
Medium 30% 62.98 26.48 2027 62.98(0) -2.34(0) - 62.98 26.48
40% 67.83 23.19 2032 67.83(0) 2.64(0) - 67.83 23.19
50% 72.68 20.64 2037 | 72.68(0) | -2.91(0) - 72.68 20.64
20% 58.14 21.49 2027 58.14(0) -2.69(0) - 58.14 21.49
Low 30% 62.98 18.66 2032 62.98(0) -2.94(0) - 62.98 18.66
40% 67.83 15.86 2037 67.83(0) -3.23(0) - 67.83 15.86
50% 72.68 13.70 2042 72.68(0) -3.50(0) - 72.68 13.70
20% 58.14 1.89 2067 58.14(0) -3.23(0) - 58.14 1.89
Historical 30% 62.98 1.26 2018 | 62.98(0) | -3.48(0) - 62.98 1.26
Trend 40% 67.83 0.77 2092 | 67.83(0) | -3.77(0) - 67.83 0.77
50% 72.68 0.47 2100 | 72.68(0) | -4.04(0) - 72.68 0.47

e Inthe H++ SLR scenario, the first and second adaptation option will be implemented
with the investment time of 2016 and 2050 to 2052, respectively. The overall
investment cost is expected to be £ 116 M to 145 M with the overall option value of
the adaptation path to be £ 154 M to 135 M, respectively.
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e Inthe High to Low and Historical Trend SLR scenarios, the first adaptation option
will be implemented while the second adaptation option will not be done. The overall
investment cost will be spent on the first stage adaptation option in these scenarios.
The investment time of the first adaptation option is sensitive to the premium values
and SLR scenarios.

6.2.3 Three-stage adaptation (U.-3.0m * Uz.om=35m * Uz.5m—a.0m)

The three-stage adaptation option gives more flexible paths that decision-makers can take in
response to sea-level rise. This adaptation path is also more robust against the risk and
uncertainty of coastal flooding than the previous two-stage adaptation paths. However, the
three-stage adaptation option requires more premium cost than the two-stage adaptation
option due to the increase in flexibility. In the three-stage adaptation path, the distribution
rule of the investment cost can be applied simply by dividing the second-stage adaptation
(U3.0-4.0m) INto two-stage adaptations (Us g-3.sm * Uss—a0m)- THUs, the three-stage
adaptation path can be made by paying more premium cost for the second adaptation option
(Us.054.0m) OFf Ucy3.0m * Us.o—a.0m IN the future. The result of option values for the three-

stage adaptation according to SLR scenarios are shown in Table 6.5.

e The option value and optimal investment time of the first adaptation (U._3 o) are the
same with those of the first adaptation in U._3 o * Us 0-4.0m fOr all the SLR
scenarios.

e Inthe H++ SLR scenario, all the adaptation options are to be implemented with the
investment time of 2016, 2045 to 2055 and 2069 to 2081 for the first, second and third
adaptation option, respectively. The overall investment cost is the highest among all
the adaptation paths.

e Inthe High SLR scenario, the first and second adaptation option will be implemented
while the third option will be left without investment. The overall option value is
expected to reach £ 42 M to 30 M with the overall cost to be £ 93 M to 127 M.

e Inthe Medium to Low and Historical Trend SLR scenarios, only the first stage
adaptation option will be implemented with the overall investment cost ranging from
£58.14 M to 72.68 M. The overall option value varies depending on the premium

costs and SLR scenarios.
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Table 6.5 Option values (NPVopt) and optimal times (OIT) by different premium values in

different SLR scenarios for the adaptation path of U._ 3 o;m * Us.om—3.5m * U3 sm—a.0m

The first phase adaptation The second phase The third phase The overall
SLR Pre- (Ucszom) adaptation (Us gmo3.5m) adaptation (Us smo4.0m) adaptations
scenario mium
1+ lprem NPVoer 1+ lprem NPVopr I+ lprem NPVoer 1+ lprem NPVopr
€W | (em) or € | Em or € | Em or (€w) EM)
20% 58.14 99.11 Now 34.89 39.54 2045 34.89 14.29 2069 12791 152.94
30% 62.98 94.27 Now 40.94 37.48 2049 40.94 13.99 2080 144.86 145.74
H++
40% 67.83 89.42 Now 47.48 35.51 2053 47.48 13.27 2080 162.79 138.2
50% 72.68 84.57 Now 54.51 33.63 2055 54.51 12.80 2081 181.70 131
20% 58.14 41.43 2019 34.89 1.13 2100 0 0 93.03 42.56
H 30% 62.98 37.70 2023 40.94 0.79 2100 0 0 103.92 38.49
Hig
40% 67.83 3391 2028 47.48 0.43 2100 0 0 115.31 34.34
50% 72.68 30.86 2031 54.51 0.04 2100 0 0 127.19 30.9
20% 58.14 29.77 2022 0 0 0 0 58.14 29.77
q 30% 62.98 26.48 2027 0 0 0 0 62.98 26.48
Medium
40% 67.83 23.19 2032 0 0 0 0 67.83 23.19
50% 72.68 20.64 2037 0 0 0 0 72.68 20.64
20% 58.14 21.49 2027 0 0 0 0 58.14 21.49
30% 62.98 18.66 2032 0 0 0 0 62.98 18.66
Low
40% 67.83 15.86 2037 0 0 0 0 67.83 15.86
50% 72.68 13.70 2042 0 0 0 0 72.68 13.70
20% 58.14 1.89 2067 0 0 0 0 58.14 1.89
HISt‘T”‘ 30% | 6298 | 126 | 2088 | © 0 0 0 62.98 1.26
ca
0,
Trend 40% 67.83 0.77 2092 0 0 0 0 67.83 0.77
50% 72.68 0.47 2100 0 0 0 0 72.68 0.47

6.3 Quantitative comparisons of the adaptation pathways

The previous section has estimated the option values of the multiple stage adaptation options
under all the SLR scenarios by using the framework of real options analysis. The quantified
option values of the adaptation paths imply the economic efficiencies or performances of the
adaptation options under uncertainty. Two types of flexibilities have been incorporated in the
adaptation paths: (1) an ability to defer — option holders can defer an adaptation option to the
future; and (2) an ability to split an adaptation option — option holders can take multiple-stage
adaptations by dividing an adaptation option into a set of sequential adaptations. Thus, in the
former case, the economic efficiency of the adaptation options can be improved by
investment timing, while, in the latter case, the economic efficiency of the adaptation options
can be increased by incorporating flexibility in the design of the coastal defence upgrade. In
this context, the focus of this chapter is on which adaptation path will give us more benefit
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under uncertain futures. This question leads us to consider how to transform a single-stage
investment into multiple-stage investments in an economically efficient way. Table 6.6 shows
the option values of all the adaptation paths considered in the previous section. For
comparison, the option values of each adaptation path are plotted across premium costs under
each of the SLR scenarios as shown in Figure 6.2. For other SLR scenarios, refer to

Appendix S.

Table 6.6 Real option values for each adaptation pathway in a stage, or in two or three stages
by different sea-level rise scenarios and premium costs

Adaptation pathways
SLR .
. Premium Uszom
scenarios Uczom Ucszsm Uczom '
Uczom Uczsm « U Ucsom U « U * Uz omozsm
3.0m-3.5m 3.5m—-4.0m 3.0m—-4.0m * U
3.5m—4.0m
20% 156.6 160.39 154.08 152.94
30% 152.9 157.12 147.76 145.74
H++ 124.8 158.0 175.4
40% 148.6 151.42 141.46 138.2
50% 144.5 146.11 135.2 131
20% 61.52 30.4 41.43 42.56
30% 58.21 27.8 37.70 38.49
High 67.2 36.5 20.6
40% 54.96 25.5 33.91 34.34
50% 51.36 23.5 30.86 30.9
20% 48.5 20.1 29.77 29.77
30% 45.4 18 26.48 26.48
Medium 54.9 25.46 124
40% 42.2 16.2 23.19 23.19
50% 38.9 14.6 20.64 20.64
20% 39.3 13.3 21.49 21.49
30% 36.2 11.5 18.66 18.66
Low 45.7 17.77 7.2
40% 32.9 10.1 15.86 15.86
50% 29.6 8.9 13.70 13.70
20% 10.9 0 1.89 1.89
Historic 30% 8.3 0 1.26 1.26
17.3 1.08 -0.84
Trend 40% 6.1 0 0.77 0.77
50% 4.6 0 0.47 0.47

* The highest and lowest option values (NPVopt) in each SLR scenario have been written in black and red bold,
respectively.
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Figure 6.2 Option values (i.e. NPVqpt) for each of the adaptation pathways across the premium
costs by different SLR scenarios — For other SLR scenarios, refer to Appendix S

For the most extreme SLR scenario (i.e. H++ SLR scenario), the single-stage adaptation path
such as U._,4.om OF U._3.5m Shows much higher economic efficiency than the multiple-stage
adaptation paths. The adaptation paths of U._ 4 o, and U,._ 5 5., Show the first and second

highest option values under the H++ SLR scenario, respectively. When assessing the two-
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stage adaptation path of U._,3 om * Uz om=3.5m Ucsz.om * Us.omosa.0m OF Ucszsm *

Us; sm—a.0m Under the H++ SLR scenario, the adaptation path with the first upgrade of 3.5
mAOD level shows a higher option value than those with the first upgrade of 3.0 mAOD
level. As the risk of coastal flooding is very high and sea-level is fast-growing at the rate of
2.54cm/year in the H++ SLR scenario, the real options analysis suggests that the high
standard-of-protection coastal defence is economically more efficient for reduction in flood
risk. In this scenario, the adaptation paths including U._, 5 o, in the first stage show relatively
low economic efficiency than any other adaptation paths because this adaptation option
cannot provide sufficient protection for Lymington against the fast-growing risk of coastal

flooding under the H++ SLR scenario.

In the High SLR scenario, the economy efficiency of the adaptation pathways shows different
patterns from that in the H++ SLR scenario. The largest single-stage investment (U._ 4. 0m)
show the lowest option value whereas the smallest single-stage investment (U._3 o) ShOws
the highest option value. In the High SLR scenario, on the whole, the adaptation paths
including the first upgrade of U._, 5 o,, Show higher option values than otherwise. As the High
SLR scenario is mild comparing to the H++ SLR scenario, the high standard-of-protection
coastal defence is excessive for reducing flood risk in Lymington. Thus, the second-stage
adaptation of Us g;m—3.5m OF Us om—a.0m Will remain unimplemented as redundancy in the
High SLR scenario. The two-stage adaptation path of U._5; om * Uz om—3.5m ShOws the second
highest option value in economic efficiency in the High SLR scenario. Thus, unless the worst
scenario is expected in the future, the adaptation option of U._ 3 gm OF Ussz.0m * Us.om—3.sm
is likely to provide the highest option value. The same patterns are also observed in other
mild SLR scenarios (i.e. the Medium to Low and Historical trend SLR scenarios).

In addressing the uncertainty of sea-level rise, the adaptation path of U._ 3 om * Uz.om=3.5m
can be a more robust strategy than U,_ 3 o., because U._ 3 o, IS Very sensitive to the
uncertainty of SLR scenarios in terms of economy efficiency. Thus, U._3.0m * Us.om=3.5m
protects floodplains in Lymington more efficiently than U,_ 5 ¢,, in most SLR scenarios. In
addition, the economy efficiency of the coastal adaptation up to 4.0 mAOD (i.e. U._3 0m *
Us.om—a.0m OF Ucsz.om * Us.om—3z.sm * Ussmoa.om) iS lower than that of Ue_3 o5 *

Us om—3.5m IN the High SLR scenario. The coastal defence upgrades above the elevation of
3.0 mAOD are likely to be an over-adaptation in the High SLR scenario.
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The high premium cost increases the overall investment cost of the multiple-stage adaptation
paths, thus, leading to lowering the economic efficiency of the multiple-stage adaptations. As
shown in Figure 6.2, the adaptation pathways of U._3 om * Us.omoa.0m aNd Uss3.0m *

Us om=3sm * Ussm—a.om are less efficient options in any occasions than the adaptation path
of U._3.0m * Us.om3.sm- This is because high standard-of-protection adaptation paths
including a low standard-of-protection adaptation, as a component, lead to incurring the
unnecessary large premium cost in the first stage. In addition, the second or third stage
upgrade in the high standard-of-protection adaptation paths will not be implemented under
the mild SLR scenarios. Thus, such adaptation paths should be rejected in investment

decisions under both H++ SLR and High SLR scenarios.

Through the quantification of all the multiple-stage adaptation paths, this chapter could find
some important findings that are intuitively or qualitatively understood in the application of
multiple-stage adaptation into climate change adaptation. The single-stage investment with
the highest standard-of-protection (i.e. U._ 4 0,,) IS the most efficient strategy in the most
extreme SLR scenario (i.e. the H++ SLR scenario). However, this adaptation path shows the
lowest performance in other SLR scenarios, which means that such a large single-stage
investment is very sensitive to the uncertainty of SLR scenarios with its investment efficiency
significantly varying according to the SLR scenarios. On the contrary, the smallest single-
stage investment (i.e. U._,3 o;m) Shows the lowest performance in the H++ SLR scenario,
while it shows the highest option value in the High SLR scenario. Thus, this option is also
sensitive to the uncertainty of SLR scenarios. In this regard, the single-stage adaptation is
considered as a less efficient option under the uncertainty of SLR scenarios than the multiple-
stage adaptation because the multiple-stage adaptation options allow us to have a choice

either to invest in, or to abandon the remaining option after investing in the first-stage option.

6.4 Summary

This chapter provides a new practical way to quantify multiple-stage adaptation options (or
paths) including flexibility by using the framework of real options analysis. The same
analytical framework used in the option-to-wait case has been applied to each stage of the
multiple-stage adaptation paths. Thus, this analysis provides the option value and optimal
investment time of each stage adaptation option under various SLR scenarios. The overall

option value of an adaptation path could be obtained just by summing all the option values
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from each component of the adaptation path. This option value is a maximum that option
holders can achieve by using the flexibility of wait and future growth. The optimal
investment can be made by implementing each stage adaptation at each critical threshold
value of sea-level rise as done in a single deferrable adaptation option. In this context, a
multiple-stage adaptation option or adaptation path is considered as a sequential composite

made of many deferrable adaptation options.

As the multiple-stage adaptation has more choices than the single-stage adaptation, this type
of adaptation option can make a balance between flood risk and economic efficiency under
the uncertainty of sea-level rise. However, as the number of adaptation stages and subsequent
premium costs may reduce the economy efficiency of the overall adaptation pathway, the
quantitative comparison of adaptation pathways needs to be made to achieve not only
robustness but also efficiency against the uncertainty of sea-level rise. This thesis made seven
plausible pathways by dividing single-stage adaptation paths into two- or three- stage
adaptations with the crest level of the coastal defence to be raised by 0.5 m or 1 m. Through
the comparison of the plausible pathways for Lymington, this chapter can discover important
findings or suggestions for choosing an economically efficient adaptation path under the

uncertainty of sea-level rise.

Firstly, multiple-stage investments are likely to provide larger option values than single-stage
investments. It is because the sequential investments provide an opportunity to adjust plans or
investment decisions in unexpected or undesirable situations. In this context, if the High SLR
scenario is strongly expected, however, with more extreme SLR scenario in mind, choosing a
multiple-stage investment is more efficient strategy than a single-stage large investment. This
investment decision also enables us to change the adaptation plan in the future in response to

sea-level rise.

Secondly, the size and cost of the first stage adaptation play a critical role in increasing the
economic efficiency of the adaptation path. Diverse adaptation measures with different sizes
and costs in the first stage should be compared with the combination of various possible
adaptation pathways in quantitative terms. This comparison makes us understand what
adaptation measure should be taken in the first stage. This analysis concludes that the
adaptation path of U._3 o, in the first stage increases the economic efficiency of the overall
adaptation pathways and reduces the flood risk of coastal flooding in the early stage for

Lymington.
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Lastly, it should be noted that, if the premium cost is very high, multiple-stage adaptation
paths can be less efficient than single-stage adaptations. Explicitly, many-stage adaptations
have the higher degree of flexibility, than one- or two- stage adaptations. However,
transforming a single-stage option into multiple-stage options increases the overall cost due
to the premium cost. Thus, taking the first-stage adaptation option with a high investment
cost may defer the investment time further than it is due. In this respect, if the current risk of
coastal flooding is considered to be high, we have to make an effort towards reducing the size
of the first-stage adaptation in order to avoid maladaptation or over-investment at the outset.

The quantitative assessment shows us how to economically design or include flexibility in
adaptation options under the uncertainty of sea-level rise. By doing this, we can make robust,
flexible and efficient adaptation plans lasting for the short- and long- term period. In this
context, this chapter has important implications as it helps compare flexible adaptation
options under the uncertainty of sea-level rise. This comparison also helps find answers
regarding issues raised in a single deferrable adaptation. This aspect will be addressed in

discussion chapter.
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Chapter 7. Discussion

7. Discussion

The aim of this research is to develop and assess an integrated method for the evaluation of
flexible/adaptive strategies that will be implemented in response to the realisation of climate
change. This method has been applied to the representative case study area — Lymington on
the Solent (UK) - which is or will be susceptible to coastal flooding and sea-level rise. The
method used in this thesis can be distinguished from the previous studies by some aspects :
(1) using the integrated method of flood risk analysis and real options analysis for flexible
adaptation options; (2) allowing the investment time to continuously vary during the period
of sea-level rise; (3) evaluating single deferrable adaptation options and multiple-stage
adaptation options in the same framework; (4) quantifying different types of adaption options
under the deterministic and stochastic cases of sea-level rise, respectively; and (5)
incorporating the uncertainties of UKCP 09 SLR projections per se into the framework of real

options analysis so as to exclude subjective views towards the future sea-level rise.

This chapter is aimed to discuss the characteristics and implications of the real-options-based
approach in a broader context of flood risk management and climate change adaptation. This
chapter is structured as follows. Section 7.1 analyses the characteristics of the real option
method with potential issues in applications. Section 7.2 provides key findings from the real
options analysis into Lymington. Section 7.3 discusses identified issues through the
application of real options analysis. Section 7.4 investigates the effects of the assumptions on
the results of real options analysis. Lastly, this thesis will reconsider the potentials of real

options analysis for the applications to general cases, in comparison to other relevant studies.

7.1 Reconsideration of the methodology of real options analysis

The core characteristic of real option analysis is to quantify the option value and investment
timing of an adaptation option under assumed sea-level rise scenarios (Woodward et al.,
2014; Kim et al., 2018). Figure 7.1 summarises the workflow of real-options-based approach
used in this thesis. This analysis process aids investment decisions in regard to flexibility
under uncertainty with the quantified option values and optimal investment time. For a
multiple-stage adaptation option, this evaluation process is repeated for each phase

adaptation.
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Figure 7.1 Integrated methodology to assess flexible adaptation options under the uncertainty
of coastal flooding and sea-level rise. In a multiple-stage adaptation option, the processes are

repeated for each phase adaptation option.

For the applications of real options analysis in other climatic events, some important
assumptions in the process of real options analysis need to be reconsidered in a broad sense.

Firstly, this thesis assumes that sea-level rise will shift up the probability distribution of
return period water levels (i.e. ESWL). Thus, the changed, or newly generated, probability of
occurrence of extreme still water levels in a given year is conditional on sea-level rise. All the
flood events or damages associated with ESWL+SLR (or Brownian SLR)+WAVE are
generated with these conditional probabilities. As the flood dynamics in Lymington are more
complicated than represented in this thesis, this probability can be applied only in the
modelled conditions in this thesis. If we consider other cases or more complicated flood
dynamics, ways to describe the probability of flood loadings should be reconsidered.
Nevertheless, this probabilistic analysis enables us to approximate the probability of future
flood events affected by sea-level rise. Thus, whether the probability represents real flood
events in the future needs to be further investigated with the observation of coastal flood

events.

Secondly, this analysis is strongly based on one-to-one correspondence between climatic
variables and benefits, or damage values. In fact, a more complicated coastal flood event can

be plausible, for example, compound flooding coupled with fluvial flooding or breaching. As
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reviewed, the breaching failure mode changes the flood damage and benefit curves in
Lymington, leading to changes in the option value and optimal investment time. In addition
to this, hydrological and morphological conditions vary over time due to the loss of salt
marsh by sea-level rise. All these aspects will change the relationship between climatic
variables and flood damages, or benefits from an adaptation measure. Thus, all the factors
that may change the relation between climatic variables and flood damages act as uncertainty
in real options analysis. In this regard, the flood damage curve is a simplified representation
of flood dynamics against the modelled flood loadings. Nevertheless, the relation provides a
basis on which this analysis converts the probability of flood loadings into the probability of

flood damages or benefits for a defence condition.

Thirdly, the monetisation of flood damages is an essential process to measure the
performance of an adaptation option in a monetary term. This process inherently has large
uncertainty in its estimation because it is impossible to monetise all the individual flood
damages at a great accuracy. Thus, the estimate of a monetised flood damage from the flood
damage curve needs to be compared to the real losses from a coastal flooding in Lymington.
Due to the lack of data on the monetised flood damages, this validation process could not be
conducted in this thesis. To apply real options analysis into other areas or countries, a way to

monetise flood damages needs to be prepared prior to flood risk management.

Fourthly, a decision either to invest or defer is made on the expectation of the future values
(i.e. EAB) in real options analysis. In the point of a general view, a disastrous flood event in
our memory may prompt an adaptation investment rather than the intangible value (i.e. EAB).
This thesis also agrees with this general view. However, we strongly argue, at least, in option
evaluation that investment decision in an adaptation option should be based on the statistical
estimation of flood damages in the future. If not, the investment will go at any occasion. This
aspect needs to be discussed in a wider context including other option evaluation approaches

(e.g. cost-benefit analysis).

The analysis has adopted a numerical approach to estimate EAB from an adaptation measure.
A benefit curve across water levels (i.e. ESWL+SLR+WAVE) for an upgraded coastal
defence condition cannot be defined in continuous forms (due to the capacity limit of coastal
defence) so that the integral of the benefit curve in respect to climatic variables seems to be
implausible. Thus, estimating EAB based on the conditional probability has been aided by
Monte-Carlo simulation approach.
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To find a maximum option value over investment time, this thesis also employs the dynamic
programming approach which compares a continuation and termination value for every year
backwardly from the end of time horizon. This method seems to perform well in climate
change adaptation where the option values (i.e. NPVnow and NPVopt) and EAB of an
adaptation option cannot be defined in an analytical or mathematical form. The dynamic
programming approach enables us to avoid solving a stochastic differential equation of option
value (i.e. NPVopt) in respect to EAB. A programmed Excel spreadsheet has been devised to
find the option values and optimal investment time of an adaptation option under various
conditions (e.g. cost, discount rate, extreme still water levels) in both deterministic and

stochastic cases of sea-level rise.

As climate change occurs in a long-term timescale and its change is very slow, it is very
difficult to match the current trajectory of sea-level rise to one of the SLR scenarios provided
by UKCP 09 for optimal investment. In fact, the current trajectory of sea-level rise (i.e. 1.8
mm/yr) seems to be far from the UKCP 09 SLR projections. Thus, a focus after the analysis
should be on the observation of sea-level rise. Though an absolute sea-level rise also helps us
to find the optimal investment time by identifying it, some practical issues are found in the
application of the absolute sea-level rise. It is sensitive to investment cost, discount rates,
future growth rates and other investment conditions. Thus, the critical threshold value also

has uncertainty in itself.

This thesis also finds the optimal investment time upon the assumption of instantaneous
construction. As construction work or adaptation measures take many years or decades to
complete, the optimal investment seems to be difficult to make in practice. Thus, these
limitations need to be further considered for general applications to other cases in climate
change.

7.2 Key findings from application of real options analysis in Lymington

Through the analysis, the thesis has discovered meaningful findings in addressing investment

decisions under uncertainty in climate change adaptation as below.

v The case of single deferrable adaptation options
e There is a maximum option value (i.e. NPVopt) for an adaptation option, which can be

achieved by investing at the optimal investment time

216



Chapter 7. Discussion

The maximum option value and optimal investment time of an adaptation option are
dependant on investment conditions (e.g. investment costs, discount rates, future
growth rates) and environmental conditions (e.g. the rates of sea-level rise,
hydrological features of floodplains and defence failure conditions)

There is an absolute sea-level rise for an adaptation option which constantly occurs at
the optimal investment time regardless of the rates of sea-level rise

An absolute sea-level rise can be used as an indicative value to trigger the adaptation
option under the uncertainty of sea-level rise

The absolute sea-level rise is dependent on the investment cost (1) of an adaptation
option and discount rate (r) so that, if the investment cost or discount rate changes, the
absolute sea-level rise changes

The absolute sea-level rise is related to the expected annual benefit (EAB) of an
adaptation option at the optimal investment time

At the optimal investment time, EAB of an adaptation option is the investment cost (1)
of the adaptation option times the discount rate (r) (i.e. EAB =rl)

In the most extreme SLR (i.e. the H++ SLR scenario), the investment time is now (i.e.
2016) so that the investment should be made immediately for Lymington

In the H++ SLR scenario, sea-level rise at the investment time is 19cm. However, as
the current sea-level rise in Lymington is 5¢m, this scenario does not seem to be the
current trajectory of sea-level rise from the present perspective

The boundary value in real options analysis is defined to be an option value when the
investment would be made at the end year of the project period

The option value of an adaptation option is also affected by the boundary value from
which the option value is calculated year-by-year in a backward way

The more severe the post 2100 SLR scenario is, the higher the boundary value will be.
This will lead to increase in the option value of an adaptation option

There seems to be the limit of the boundary value for an adaptation option due to the
capacity limit of coastal defence to protect floodplain against the extremity of coastal
flooding

For Lymington, the investment decision in the adaptation (U._ 3 s5,,) Should be
deferred until sea-level rise relative to 1990 reaches 13 to 14 cm

The absolute sea-level rise of 13 to 14 cm is valid for the rate of sea-level rise less

than 4.9 mm/year
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The optimal investment is likely to provide the highest option value even under the
uncertainty of occurrence and magnitude of coastal flooding in a statistical sense

The future growth rates exponentially increase the option values of adaptation options
The high future growth rates do not bring forwards the optimal investment time

The discount rate exponentially decreases the option values of adaptation options
while the low discount rate brings forwards the optimal investment time

There is a critical discount rate which makes the optimal investment time occur at the
earliest time for an adaptation option - For Lymington, the critical discount rate is
approximately 2 to 2.5 (%)

If the discount rate is below the critical discount rate, it defers the optimal investment
time

The option value and optimal investment time of an adaptation option is the most
sensitive to the investment cost among all the factors

The periods of sea-level rise projections have no effects on change in option value and
optimal investment time

The long residual life of coastal defence leads to increase in option value with optimal
investment time being earlier than the short life of coastal defence

The inclusion of breaching failure as a possible defence failure mechanism increases
EAD or EAB so that the option value of an adaptation option will rise on the whole
with the investment time becoming earlier than otherwise

All the findings observed in the case of mean sea-level rise are also valid in the case

of stochastic sea-level rise (i.e. Brownian motion)

The case of multiple-stage adaptation options

Diverse adaptation paths can be made by dividing a single stage adaptation into
sequential investments or multiple-stage investments

The incorporation of flexibility in multiple-stage adaptation options increases the
overall investment cost; although the flexibility increases the investment cost — the
increase in the cost is defined as a premium cost

The conversion of a single-stage adaptation to multiple-stage adaptations may
increase or decrease the option value — it depends on the types of the multiple-stage

adaptations and the rates of sea-level rise
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The maximum option value of a multiple-stage adaptation can be achieved by
implementing each component of the multiple-stage adaptation at each optimal time
The option value (NPVopt) of the multiple-stage adaptation option differs according to
SLR scenarios

The more extreme sea-level rise is, the higher the option value is for all the adaptation
paths.

When ranking all the possible adaptation paths in terms of option value, multiple
stage adaptation options are less sensitive to SLR scenarios than single-stage
adaptation options

The ranking of the adaptation paths in option value (i.e. NPVopt) changes depending
on SLR scenarios

In the H++ SLR scenario, a single-large investment provides the largest option value
while a single-small investment does the smallest option value

In the Historical Trend SLR scenario, a single-small investment gives the largest
option value while a single-large investment does the smallest option value

The multiple-stage adaptation path of U._ 3 g * Us.0-3.5m 9ives the second largest
option value in the High to Low and Historical Trend SLR scenarios and the third
largest option value in the H++ SLR scenario — This path seems to be relatively
insensitive to the uncertainty of SLR scenarios in comparison to other paths

The investment cost, or size, of the first-stage adaptation plays a critical role in

increasing the economy efficiency of the multiple-stage adaptation option

As reviewed from the application into Lymington case, the real options analysis helps

understand the characteristics of flexibility included in adaptation options under the

uncertainty of sea-level rise. Through the analysis, we can improve the quality of investment

decisions in regard to the use of flexibility with additional information on option values and

investment timing. These findings seem to have important implications in addressing

uncertainty in investment decisions.

Issues and limitations in the application of real options analysis

This thesis could identify some practical issues that need to be further discussed before the

application into other cases. This section discusses some important issues in the broad context

of real options analysis and climate change adaptation.
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(1) Conditional probability of coastal flood event

Firstly, the likelihood of occurrence of coastal flooding at any year is conditional on the
combination of sea-level rise and return period water levels. As sea-level rise increases the
risk of coastal flooding, the occurrence and magnitude of extreme still water levels have been
combined with sea-level rise for flood risk analysis. Thus, EAD or EAB is also conditional

on how to combine the probability from extreme still water level with sea-level rise. This
leads to a question on whether a newly generated probability represents the true probability of
coastal flood events in the future. Extreme water level return periods have been made by a
long-term observation; although they have been processed by probabilistic assumptions.
Thus, there seems to be no way to validate that this conditional probability represents a real
probability of occurrence and magnitude of coastal flood events in the future. The issue on
the conditional probability of climatic events may be raised in application of this approach to
other cases such as fluvial flooding, agriculture, heatwave and droughts. Those willing to use
the framework of real options analysis needs to consider how climate change or global
warming affects the probability of climatic events such as rainfall, drought duration,
heatwave during the climate change. The non-stationarity of climatic events in climate
change adaptation is well-known and substantial issues in the realm of climate change. Thus,
the validation process of the conditional probability will be necessary to make this framework
applicable to other climate change issues. Nevertheless, the generation of conditional
probability gives us a way to quantitatively assess flood risks due to sea-level rise without

any adjustment to the statistical properties of coastal events (i.e. extreme still water levels).

(2) Uncertainty in description of flood dynamics in Lymington

The flood simulations have been conducted across various flood loadings (i.e. ESWL+SLR+
WAVE) so that we could have a relation between flood loadings and flood damages. As
investigated, the relation is a unique response of floodplain with coastal defence to flood
loadings, which is represented by the number of inundated properties or monetary losses from
flood damages. This thesis has used LISFLOOD-FP for flood simulation with overflowing
and overtopping considered as main defence failure mechanisms. The more complicated
defence failure modes are possible such as fluvial flooding, breaching or human’s mistake on
flood management. Those possible flood events may increase the risk of coastal flooding,
although the probability of the occurrence is small. Thus, the inclusion of all the possible
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flood events with their own probability in flood risk analysis is impossible due to the lack of
our ability to describe physical systems. Although advanced technologies may increase the
accuracy of flood simulations, the result of the simulation will remain with the uncertainty.

Thus, there is uncertainty in each flood damage curve for coastal defence condition.

The uncertainty in flood damage curves also has influence on the results of real options
analysis. As shown in Figure 7.2, if the flood damages are over-estimated across climatic
variables, the flood risk of EAD will increase with the probability distribution of flood
damage shifted rightwards (Curve B). Otherwise, the flood risk will decrease with the
probability distribution moved leftwards (Curve C). The flood simulation has effects on flood
risk in this way so that this may lead to the different results of option values and optimal

investment times.

EAD. EAD, EAD,

=2
)

P(x)

probability
Flood damage (£)

—

Climatic variable Climatic variable

Flood damage (£)
(i.e. ESWL+SLR+WAVE) (i.e. ESWL+SLR+WAVE)

Figure 7.2 Effects of flood damage curves on flood risk or EAD (expected annual damage)

In general, increase in flood risk leads to increase in the utility or effectiveness of adaptation
measures because the adaptation measures reduce the flood risk immediately with the
investment time becoming earlier than the state of low flood risk. When considering the
breaching scenario in Lymington — this case is similar to change in the flood damage curve
from A to B (Figure 7.2), the optimal investment is brought forwards from 2029 to 2016 with
the option value increased by £ 15 M. From the example, we could understand how the flood

damage curve affects the results of real options analysis.

Though we could make more efforts towards increasing the accuracy of flood simulation, this
thesis has conducted option evaluations upon the idealised or simplified flood mechanisms. It
is because the investment decision on adaptation options is assumed to be made at the level of
planning in this thesis. In addition, due to the limitation on the Ph.D. research, it was difficult
to allocate much of time and resource on conducting the high accuracy of flood simulations.
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Despite those limitations, the flood damage curve for the current defence condition in this
thesis relatively agrees well with that from the previous study (Wadey et al., 2012). Thus, the
results of flood simulations have been used for the process of real options analysis that is the
estimation of EAD or EAB and option evaluations.

(3) The residual life of coastal adaptation

As reviewed, the longevity or residual life of coastal defence also has influence on the option
value and optimal investment time of an adaptation option. Generally, the longer the residual
life is, the higher the option value will be. This has been observed through the sensitivity
analysis. The long life of a coastal adaptation will lead to the optimal investment time being
earlier than the short life of a coastal adaptation. The residual life is closely related to the
condition of coastal defence. If the coastal defence is well managed with a lot of maintenance
cost spent during its life, the residual life will be longer than otherwise. For a sensitivity
analysis, this thesis estimates the investment time and option value of an adaptation option
with alternations to the residual life of the adaptation. It is found that the option value and

optimal investment time is also sensitive to the residual life after the investment cost.

This estimation has been made on an assumption that the benefits will be zero after the life of
coastal defence. This is an ideal case because, in reality, flood defence will work after the
residual life. However, its performance will become lower. Thus, rather than making the
assumption of no benefit from the coastal defence after the residual life, re-estimating the
benefit values upon the changed flood-damage curve can provide a more realistic result of
real options analysis. This may lead to a less decreased option value and less delayed
investment time than assessed. This analysis has simplified an issue on the life of coastal
adaptation by applying such an assumption.

(4) Discount rates

Generally, discount rate represents the preference of the present value over the future value in
option evaluation (Mandelson et al., 2012). The high discount rate discounts the future cash
flows significantly while the low discount rate discounts the future values a little. The
discount rate has effects on the option value and optimal investment time of an adaptation

option. Thus, the low discount rate gives a high option value while the high rate does a low
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option value. The discount rate is a socially agreed value determined by the perceptions and
attitudes of societies towards the future. The choice of a discount rate in climate change
adaptation depends on the context of societies, cultures or risk aversion (Adger et al., 2009).
Although the low discount rate increases the option value of an adaptation option with the
optimal investment time advanced, the discount rate below 2 to 2.5% delays the optimal
investment time. Therefore, the real options analysis is invalid in such a low discount rate.
Although this feature of the optimal investment time has been found in a low discount rate,
the critical discount rate differs depending on investment cost and the rate of sea-level rise.
For example, the critical discount rate is around 1.5% in the Historical Trend scenario. Thus,
the lower discount rate than 2% increases the option value of an adaptation option and
advances the optimal investment time to 2050. An effective range of discount rate for the
optimal investment time needs to be investigated by applying real options analysis for various
discount rates. Nonetheless, the low discount rate gives much a larger option value than the
high discount rate. For example, although the optimal investment time is 2062 at 1.5%
discount rate in the High SLR scenario, the option values of NPVopt and NPVhow is £ 123 M
and £ 116 M, respectively. On the other hand, the option value (NPVopt) and optimal
investment time at 2.5% discount rate is £ 52 M and 2021, respectively. Thus, as the option
value is very high at such a low discount rate, the optimal investment time is less important in
investment decision at a very low discount rate than a high discount rate. This implies that, if
a very low discount rate is expected in option evaluation, the investment now can be a

reasonable decision in an economic term.

(5) Uncertainty of investment timing

From the sensitivity analysis, we could understand that the option value and optimal
investment time of an adaptation option is sensitive to investment conditions (e.g. investment
cost, discount rates, future growth rates), climatic conditions (e.g. the rate of sea-level rise)
and hydrological conditions (e.g. the features of floodplain with coastal defence). The option
value and optimal investment time of an adaptation option differs depending on such
conditions. As the real options analysis provides more specific information regarding the
investment timing, the uncertainties from various sources may be of concern in investment
decisions. In other studies, this issue was not found because the investment time was fixed on
the passage of time. They estimate the probabilities of climatic variables (e.g. sea-level rise)
exceeding a predefined value or not at the determined investment time — this is a main
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difference between this thesis and other studies in real options analysis. As the reason to use
the flexibility of wait in real options analysis is to maximise the option value of an adaptation
option, the investment timing is an important issue in implementing a flexible adaptation

option at optimal investment time in the real world.

Though there are various SLR scenarios predicted from UKCP 09, we will see only one true
sea-level rise trajectory in the real world, whether or not the true trajectory of sea-level rise is
within scenario ranges. In this regard, the identification of the real trajectory of sea-level rise
before the optimal investment time is a very challenging task to decision-makers or risk
analysts. For example, if the current sea-level rise is the H++ SLR scenario, the optimal
investment time is now (to say, 2016). This implies that we should or can say with a 100 %
confidence that the current trajectory of sea-level rise is the H++ SLR scenario. It is not
plausible to say that the current sea-level rise follows the H++ SLR scenario as there is still
large uncertainty unsolved in climate change projections (Haigh et al., 2014). In this context,
the implementation of adaptation options based on the real options analysis does not seem to
be plausible in the near future because the long-term observation of sea-level rise is required
for distinguishing the ongoing pattern of sea-level rise. Even though we have 8 to 15 years
for the investment decision under the High-to-Low SLR scenarios, there will still be

uncertainty on our observations of sea-level rise.

Despites the uncertainty of investment timing, an absolute sea-level rise enables us to
implement an adaptation option at the optimal investment time. This indicative value, at least,
helps resolve the uncertainty of investment timing by converting the identification process of
optimal investment time into observing the absolute sea-level rise. This is a special case
based on the combination of extreme still water level and sea-level rise. In order to apply the
real-options-based approach to other cases (e.g. fluvial flooding), this issue needs to be
considered in association with how the probability of climatic variables will be modelled and

how to identify the optimal investment time in the real world.

(6) Construction lead time

If we have to consider the lead time of construction work for the upgrade of coastal defences,
determining the investment timing will be more complicated than in this study (as shown in
Figure 7.3). This also affects option values as the stream of benefits occurs right after the
construction work is completed. If the completion of the construction work is delayed beyond
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the optimal investment time, the option value from the delayed construction will be lower
than NPV, from the on-time construction. Thus, if we are concerned about the economic
efficiency of investment in climate change adaptation, the construction work needs to be
completed within a targeted year.

Instantaneous construction Benefits from defences Benefits from defences

\ / 5 years of construction work /
A A
| A i
é ? : : es A e
4

Optimal investment time Optimal investment time'
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Figure 7.3. lllustration of investment costs (vertical solid lines) and benefits (vertical dot lines)
in association with optimal investment times (t1 and t2) for (a) instant construction; (b) 5-year
construction on time; (c) delayed start of construction; and (d) early start of construction — Note

that the length of vertical lines implies the amount of currency.

The thesis assumes that construction work be completed instantaneously. Other previous
studies assume that the construction work is ideally completed (instantly or within the
planned period) (Linquiti and VVonortos, 2012; Woodward et al., 2014; Hino and Hall, 2017).
In practice, this assumption can be an important issue as the construction time changes option
values by delaying the period of cash flows or spreading investment costs over different time

period.

In Figure 7.3, case (a) shows an ideal case of completing construction work instantaneously.
Thus, the construction work is assumed to be completed at the optimal investment time (t).
This thesis takes this ideal case for the analysis. Case (b) shows that the construction work is
undertaken during 5 years and it is completed at the optimal investment time (t2). As the
investment cost is spread over 5 years, the present value of the overall distributed investment

costs is higher than the present value of the instant investment cost due to discount factors
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(1+r)t. This will delay the optimal investment time due to increased investment costs. Case
(c) shows an example of a delayed construction work that is completed within the planned
period of 5 years. In this case, the optimal investment time is the same with that of case (b) as
the investment cost never change. As the option value is maximum at the optimal investment
time, the option value will be reduced little due to the delay of the investment time. Case (d)
shows a case of early start of 5-year period construction. Similarly, we will have a reduced
option value due to the premature investment. The optimal investment time and option values
for different construction periods and different investment times are conceptually illustrated

in Figure 7.4.
Optimal investment time
for instant construction
n (a) Optimal investment time
— : for 5 year construction
> LB
S
S
< . .
2 — instant construction
S - - 5-year construction

1:1 +2
Investment year
Figure 7.4 Option values and optimal investment times of an adaptation option for different

construction work periods and for different investment times - (a), (b), (c) and (d) indicate the

option values corresponding to the cases (a), (b), (c) and (d) in Figure 7.3, respectively.

As reviewed, the long lead time of construction work can also act as uncertainty for option
evaluation. For example, the lead time of construction work for upgrading the Thames
Barrier is expected to be 20 or 30 years (Ranger et al., 2013). Thus, the construction time can
be a practical issue for large infrastructure. In this context, we suggest continuous
observations on the ongoing pattern of sea-level rise during the construction work as well as
the investigation of construction processes and costs during the overall period. Observing the
rate and amount of sea-level rise at any decision time enables us to find when the

construction work starts or how to manage the construction process to finish it on time.
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(7) Real options analysis in the context of severe flood damages

In association with the investment timing, another issue arises as to how sensible it is to base
an investment decision on optimal investment timing in context of coastal flooding. Although
deferring a decision is a good strategy to avoid uncertainty, such a decision will ironically
leave people and areas exposed to the growing risks of climate change during the period of a
wait. The deferability of an investment provides an opportunity to observe the future so that
we can make more informed decision with newly emerging information on sea-level rise or
socio-economic development. However, if we experience a severe flood damage, the public

need for taking an adaptation measure will increase.

In such a case, the best strategy is to implement an adaptation option immediately. This will
reduce the risk of coastal flooding in Lymington right away. Thus, an immediate investment
decision will be hold to decision-makers or policy-makers at the top level in charge of coastal
adaptation. A recommendation from this thesis is that, if severe coastal flooding occurs in
Lymington, the investment in adaptation option should be made right away to prevent such
coastal flooding from occurring again. After the investment now is decided from a top
decision level, a focus of adaptation should be on how to upgrade the coastal defence (e.g.
single- or multiple- stage, large size or small size of coastal defence, the number of stages and
the height to which the coastal defence is raised). If we take a decision criterion as ‘no regret’
or ‘precautionary principle’, the immediate investment with large size of coastal defence can
be a good strategy to protect Lymington from the rising risk of coastal flooding. However, it
will be economically less feasible from the perspective of budget managers. On the contrary,
if the budget is limited, the least amount of recovery or upgrade will be a favourable strategy

that may be less favourable to risk analysts or the public.

For Lymington, the result of real options analysis suggests that the most economically
efficient strategy is two-stage adaptation of U._5 om * Uz 0-3.5m. This option keeps flexibility
alive to address the uncertainty of sea-level rise. This adaptation path reduces the investment
cost at the outset as well as the immediate upgrade of coastal defence can cope with the
impending risk of climate change. This also prevents the unnecessary investment from being
wasted if an unexpected future scenario occurs. In this regard, the real options analysis used
in this thesis is rather an economy-efficiency based approach to provide an opportunity to

maximise the option value of an adaptation option, given the uncertainty of sea-level rise.
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7.4 Implications and application of real options analysis in climate change adaptation

This section discusses the validity and applicability of real options analysis in addressing the
risk and uncertainty of coastal flooding in a broad context. The real options analysis is
assessed in terms of economy efficiency, flood risk and uncertainty, respectively. Thus, this
section shows the potential roles of real options analysis in climate change adaptation and

flood risk management.

7.4.1 Economic efficiency of flexible adaptation options

As investigated, flexible options give more benefit than non-flexible options (Dobes, 2010;
Wood ward et al., 2014; Hino and Hall, 2017). The flexible options including deferability or
extendibility enable us to have a choice to invest or to defer in response to a realised future
state. As real option values (i.e. NPVoptand NPVnow) are variables depending on climatic
conditions (i.e. sea-level rise) and investment conditions (i.e. investment cost), a statement
‘an adaptation option is more efficient than others’ is relative. Thus, the choice of a flexible
adaptation option in terms of economic efficiency should be based on the quantitative
comparisons of all the candidate options under all the possible future states. As
aforementioned, this quantification process is a key of real options analysis to improve the

quality of investment decisions under uncertainty (Woodward et al., 2014).

In this context, we suggest that there should be a distinction between controllable conditions
and uncontrollable conditions for option evaluations. For instance, investment costs, the size
of coastal defence, the number of stages of adaptation path and investment timing are all
considered as controllable conditions, whereas sea-level rise, socio-economic factors and the
magnitude and occurrence of coastal flooding are considered as uncontrollable. Therefore, an
efficient investment decision from the perspective of the real-options based approach is one
made by optimising all the controllable conditions against uncontrollable conditions. In doing
so, we can inform the optimal investment decision under uncertainty. The possible
investment decisions in real-options-based approach are outlined according to the values and
quantitative relations of NPVnow and NPVpt in Tables 7.1 and 7.2.
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Table 7.1 Possible adaptation decisions of a single deferrable adaptation option including
flexibility according to the option values of an adaptation option

Option values Quantitative Investment
. . Remark
(NPVnow, NPVopt) comparisons decisions
This decision closes flexibility at early stage
NPVnow = NPVopt Invest now so that this path cannot cope with the
NPVoow > 0, NPVopt > 0 future uncertainty _____
Wait => invest This decision keeps flexibility alive as long
NPVnow < NPVopt as the option is deferred, but this decision
later cannot cope with the current flood risk
This adaptation is likely to be taken in a
Wait = invest very distant future. Thus, the investment
NPVnow <0, NPVopt >0 NPVnow < NPVopt later cost has to be reduced or the multiple-
stage adaptation needs to be taken
Investment will not be made. This
NPVnow < 0, NPVopt < O - Abandon adaptation option should be abandoned or

adjusted

Table 7.2 Possible adaptation decisions of multiple-stage adaptation options including
flexibility according to the option values of an adaptation option

The first phase adaptation

The second phase adaptation

Investment
Option values Quantitative Option values Quantitative decision® Remark
(NPVrow, NPVopt) comparisons (NPViow, NPVopt) comparisons
NPViow >0, NPVnow2NPVep: | NPVnow >0, NPVope >0 NPVnow 2 NPVopt Not existent™ Take this path if
NPVOPt >0 NPVnow >0, NPVopt >0 NPViow < NPVopt (In)-(W)-(In) the adaptation
NPViow <0, NPVgpe > 0 NPVnow < NPVopt (In)-(W)-(In) is to be taken
NPVnow < 0, NPVope <0 (In)-(A) immediately
NPVpow >0, NPViow <NPVopt | NPViow >0, NPVgy: >0 NPVnow 2 NPVopt Not existent Recommenda-
NPVopt >0 NPVnow > 0, NPVopt > 0 NPVnow < NPVopt (W)-(In)-(W)-(In) | ble aslong as
NPVnow < 0, NPVope >0 NPVrow < NPVgpt (W)-(In)-(W)-(in) | the investment
time is not far
NPVnow < 0, NPVop: <0 (W)- (In)-(A) from the
present
NPVnow <0, NPVnow <NPVopt | NPVnow >0, NPVop: >0 NPVnow = NPVopt Not existent™ | Not
NPVopt >0 NPVnow > 0, NPVpt > 0 NPVnow < NPVopt Not existent recommenda-
NPViow < 0, NPVop: >0 NPViow < NPVopt (W)-(In)-(W)-(In) | ble asitis not
economically
NPVnow < 0, NPVop: <0 (W)- (In)-(A) feasible
NPVnow <0, NPVnow > 0, NPVpe > 0 NPVnow = NPVopt Not existent )
NPVop: < 0 NPVrow > 0, NPVopi >0 | NPVnow< NPVopr Not existent | -° E‘(’jt take this
NPVnow < 0, NPVep: >0 NPVnow < NPVept Not existent Fna;fficiiix
NPVnow < 0, NPVop: <0 (A)

* (W) — Wait, (In) = Invest and (A) — Abandon
** Practically, if the first and second phase adaptation is to be invested in now, there is no need for multiple-

stage adaptation

" There is no case where the first stage option is not feasible whereas the second option is feasible

In the end, the investment decision will follow one of the possible decisions outlined in Table

7.1 and 7.2. For a single deferrable adaptation option, four investment decisions are made

available to decision-makers according to the option values of NPVnow and NPVopt. The
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characteristics of investment decisions (i.e. invest now, wait and abandon) are summarised in
the last column of Table 7.1. Although these types of investment decisions can maximise the
option value of the adaptation under a realised condition, one decision closes others. Thus, it
is difficult to address both uncertainty and risk from coastal flooding together. If the focus of
an adaptation is on addressing uncertainty, it cannot deal with the current risk of coastal
flooding. On the contrary, if the focus of an adaptation is on addressing the current risk, it
cannot address the uncertainty of coastal flooding. Thus, in an option-to-wait case, one

decision is exclusive of others.

In two-stage adaptation options, nine investment decisions are possible to decision-makers. It
is of note that the number of possible decisions is made available by dividing a single-stage
adaptation into two-stage adaptations. Thus, the design of adaptation paths and investment
costs need to be adjusted to satisfy the optimal conditions in the first or second row in Table
7.2. For example, the size and investment cost of coastal defence in the first phase can be of a
main concern to option holders who want to launch the project with a small amount of
money. By adjusting such investment conditions, the option holders also increase the
economy efficiency of an adaptation strategy under uncertain conditions. The design or plan
of an adaptation path by human’s intuition that meets the optimal condition seems to be very
difficult. Thus, the quantitative assessment of the possible adaptation options should be
conducted under various conditions. For comparison, the changes in option value for each
adaptation option are shown across SLR scenarios by 20% and 50% premium scenarios,
respectively (Figure 7.5).

As shown in Figure 7.5, the adaptation curves represent how the option value (NPVopt) of
each adaptation path changes according to SLR scenarios. Also, these curves show the
ranking of adaptation paths across SLR scenarios in option value. As shown in Figure 7.5, the
orders of the adaptation paths in terms of option value never change between the Historical
Trend and the High SLR scenarios whereas the ranking of the adaptation paths changes
between the High and the H++ SLR scenarios. Consequently, the lowest-ranked adaptation
path (i.e. U._4.0m) in the mild SLR scenarios becomes the highest-ranked adaptation path in
the most extreme SLR scenario vice versa. As aforementioned, these types of adaptation
paths should be rejected from the perspective of real options analysis due to the high

sensitivity to uncertainty of SLR scenarios.
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Figure 7.5 Change in the option value of each adaptation path across SLR scenarios by
different premium scenarios — Note that the SLR scenarios on the x-axis are equally distanced
for the illustrative purpose

As investigated, the adaptation path of U._ 5 o * Us 9—3.5m IS the least sensitive to SLR

scenarios so that this adaptation path is highly ranked across all the SLR scenarios. This
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adaptation path gives relatively high option values across all the SLR scenarios in
comparison to other adaptation paths. As the premium value increases, the option values of
the multiple-stage adaptation options drop, on the whole, by the increased investment cost.
On the contrary, the option values of the single-stage adaptation options stay constant
regardless of the premium costs. This leads to change in the ranking of the adaptation paths.
Nevertheless, the adaptation path of U,_3 om * Us 0-3.5m 1S Still ranked the second highest in
the mild SLR scenarios (i.e. the Historic and High SLR scenarios) and the third highest in the
H++ SLR scenario, respectively.

As reviewed so far, these adaptation curves can be used for a more complicated case to
quantitatively compare various adaptation paths in terms of economic efficiency. As the
priority of the adaptation paths is relative depending on climatic and investment conditions,
these adaptation curves allow us to have an insight into which path is robust against the
uncertainty of future climate change.

7.4.2 Risk of coastal flooding in Lymington

If decision-makers take a single-large investment now, a reduction in the risk of coastal
flooding takes place immediately after the investment. In terms of risk reduction, the best
option for Lymington is to upgrade coastal defences without any delay. It will reduce the
flood risk immediately with certainty. However, the real-options-based approach suggests
that the adaptation measure that upgrades the coastal defence up to 3.5 mAOD for Lymington
needs to be deferred until sea-level rise reaches 13 to 14 cm. Thus, the floodplain behind the
coastal defence will be left protected below some optimum during wait or until the coastal
defence is upgraded. The temporal changes in the risk of coastal flooding are represented
under each SLR scenario for the current coastal defence as shown in Figure 7.6.

As seen in Figure 7.6, if there is no upgrade of the coastal defence, flood risk, represented by
EAD, will increase over time due to sea-level rise. For the H++ SLR scenario, the likely
annual damages or expected annual damages (EAD, indicated by mean value in Figure 7.6)
rise up to £ 30 M/yr in 2100. As EAD significantly increases in the most extreme SLR

scenario, Lymington needs flood defence upgrade immediately if this scenario is true.
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Figure 7.6 Flood risk (EAD) indicated by expected annual damages (£/yr) in Lymington under

all the SLR scenarios

If option holders take a single adaptation option (U._3 s,,,) fOr protection, the increasing rate
of the flood risk in Lymington will differ before and after the investment. For example, once
the investment is made at the optimal investment time, the flood risk suddenly drops at the
time and, then, keeps constant or slowly-increasing again with sea-level rise. However,
during the wait, as shown in Figure 7.7, Lymington will be poorly protected with EAD
growing to approximately 2.0 M/yr.

On the other hand, if the option holders take two-stage adaptations (U._3.om * Us.om—3.5m)
the first-stage adaptation will be taken immediately and the second-stage adaptation will be
implemented at the second optimal investment time. The flood risk will be managed by the
flexible adaptation path (U;_3.0m * Us.om—3.5m) Under £ 0.8 M/yr over the whole period of
sea-level rise for the High SLR scenario while, for the H++ SLR scenario, the flood risk will
be managed under £ 1.4 M/yr until 2080. The temporal change in flood risk in the case of
U.-35m 1S also shown for the H++ and High SLR scenarios in Figure 7.7, respectively. If the
current flood risk in Lymington is considered to be significant in the present perspective, the
multiple-stage adaptation can be an effective strategy to cope with the current risk of coastal
flooding in Lymington. This decision leads to investment now in the first stage adaptation for

all the SLR scenarios with flood risk significantly reduced in the early stage.
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7.4.3 Uncertainty of sea-level rise and coastal flooding in Lymington

The real-options-based approach provides a set of adaptation paths that are plausible for
Lymington. As the risk of coastal flooding increases due to sea-level rise with time,
Lymington will choose one of possible adaptation paths in response to sea-level rise. That

will be a picture that we can imagine from the perspective of real options analysis.

There are two types of uncertainties identified in the UKCP 09 SLR scenarios. Firstly, one
comes from how sea-level rise responses to given emission scenarios (Lowe et al., 2009).
This uncertainty is called as climate sensitivity (Nicholls et al., 2014). To deal with this type
of uncertainty, UKCP 09 or IPCC data provides the uncertainty range of sea-level rise or
other climate variables. Another type of uncertainty relates to greenhouse gas emissions,
economic growth, populations or advances in energy technologies (IPCC, 2014; Nicholls et
al., 2018). This type of uncertainty is termed ‘future uncertainty or epistemic uncertainty’ in
climate change and flood risk management (Grossi and Kunreuther, 2005). To communicate
two different types of uncertainties from sea-level rise, UKCP 09 provides a set of SLR

scenarios with probabilistic ranges according to greenhouse gas emissions in the future.

To comply with UKCP 09 data system, this thesis evaluates adaptation options under various
SLR scenarios in the case of mean sea-level rise (MSLR) and Brownian sea-level rise,
respectively. In both cases, this thesis has found that the optimal investment time is when the
climatic variables of sea-level rise reach a threshold value which is constant across the SLR
scenarios less than 4.9 mm/yr.

If we take an adaptation path of U._,5 om * Uz om—3.sm Which is the most efficient and robust
adaptation path among all the paths, the first adaptation measure will be implemented now
and the second measure be taken at sea-level rise of 68cm relative to 1990 for 20% premium
scenario - Note that the investment rule differs depending on the premium scenarios. By this
investment rule, the real-options-based approach provides the largest option value by a sub-
optimal decision (i.e. invest in the second-phase adaptation at the optimal time) and can

manage the flood risk under a certain level under any given SLR scenario.

However, from the point of the present views, it is still uncertain about what scenario will
occur in the future. Thus, the time to learn the future is needed to reduce the uncertainty of
SLR scenarios. As discussed in Section 7.2.1, the adaptation path of U._, 3 ., IS Sensitive to
SLR scenarios because the choice of this strategy (i.e. invest now in U,_,5 ¢,,) does not give

any time to learn the future and adjust the decision. In this regard, this option cannot address

235



the future uncertainty at all. On the contrary, the multiple-stage adaptation (e.g. U,z om *

Us om—3.5m) 0iVes a chance to see the future. It is because the right to invest in the second-
stage adaptation allows us to have the time to adjust our decision. In this way, the uncertainty
from the future can be resolved by including flexibility in adaptation options. Thus, the real
options analysis is an approach to optimise the economic efficiency of an adaptation option
under given uncertainty by using flexibility. This implies that, if our investment decision has
been made based on real options analysis, it gives us an opportunity to improve our
knowledge on the future by optimising all the available resources and choices we can have by

flexibility.

7.5 Comparisons of the real-options-based approach to other studies

If flexibility for an adaptation option is given to decision-makers, it is the right, but not the
obligation, to upgrade the adaptation option in the future (Dixit and Pindyck, 1994; Park,
2002; Nefuville, 2003; Linquiti and VVonortas, 2012; Woodward et al., 2014). These types of
options incorporate flexibility in the design and planning of infrastructure at the outset
(Woodward et al., 2014) or allows decision-makers to defer the investment to the future. The
former flexibility (i.e. future growth) is fundamentally different from the latter one (i.e. wait)
(Park, 2002; Nefuville, 2003; Kim et al., 2018).

A lot of studies on real options analysis suggest that an adjustable adaptation option in the
future is a more robust strategy under the uncertainty of climate change than a non-adjustable
adaptation option (Dobes, 2010; Linquiti and VVonortas, 2012; Woodward et at., 2014; Hino
and Hall, 2017). This thesis is also in line with the argument from the previous studies. This
thesis suggests that the multiple-stage adaptations are more efficient and robust against
uncertainty than the single-stage adaptation options. In addition, the proper choice of a

multiple-stage adaptation manages flood risk under the optimal level.

Most studies argue that the growth option has some advantages in comparison to a non-
growth adaptation option (Dobes, 2010; Linquiti and VVonortas, 2012; Woodward et at., 2014;
Hino and Hall, 2017). Firstly, it provides a high degree of freedom in making investment
decisions under uncertain future states (Dixit and Pindiyck, 1994). After the first stage option
is implemented, the next stage investment will remain flexible for the future extension.
Secondly, a multiple-stage adaptation reduces the initial investment cost so that it can

facilitate an initial action with a relatively low cost. By reducing the initial size and cost of
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the first stage option, we can more efficiently manage the urgent risk of coastal flooding.
Lastly, a multiple-stage option enables us to adjust it in response to the future states (Linquiti
and Vonortas, 2012). After the investment in a costly infrastructure has been completed, it
would be difficult to adjust its capacity and size in response to unexpected conditions (e.g.

sea-level rise, socio-economic statues, etc.).

However, this type of adaptation option also requires an additional expenditure to incorporate
flexibility (i.e. future extension) into the design or planning (Dobes, 2010; Woodward et al.,
2014). For example, the design of extendable coastal defence may require a wider area of
land and/or stronger foundations than coastal defence without future extension (Dobes,
2010). Thus, the inclusion of flexibility into an originally static option leads to an increase in
the overall costs at the first stage and the subsequent stages. Previous research has also
assessed adjustable adaptation options that include the flexibility of future extension in
comparison to a baseline adaptation option (without flexibility) in terms of net present value
(Linqguiti and Vonortas, 2012; Woodward et al., 2014). Linquiti and VVonortas (2012) showed
that the adjustable option in the case of Dar-es-Salaam (Bangladeshi) is 5 to 20 times more
efficient in net present value than the non-adjustable option under the uncertainty of sea-level

rise.

Despite such advantages of the flexible adaptation options, some important issues are found
in the previous studies on real options analysis. Firstly, the previous studies assume
binominal or trinomial future states in which their main concern is on whether climatic
variables exceed a predefined threshold or not. Consequently, the final investment decisions
differ depending on the assumed future states. The multiple-stage adaptation options have
been assessed by aggregating all the option values weighted by the probabilities of
occurrence of the corresponding future states (Linquiti and VVonortas, 2012; Woodward et al.,
2014). The result also includes uncertainty associated with the future states (i.e. sea-level
rise) in option evaluations. Secondly, the option value differs by investment time.
Considering a fixed triggering event for the adaptation option, under a fast rate of sea-level
rise, the investment time will be earlier than under a slow rate of sea-level rise. Thus, the
value of a remaining adaptation option depends on the rate of sea-level rise or a realised sea-
level rise scenario. The previous studies need to include an explicit explanation on the link
between threshold values of triggering events for the remaining adaption and the
corresponding timing. Lastly, the evaluation of adaptation options is based on the current

knowledge and judgement on the future. In addition, as the probabilities of future states are
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defined by the analysts or experts’ current views, the values of the adaptation options seem to
be, to some extent, subjective to their attitudes towards the uncertainty of the futures (e.g.

climate change or socio-economic status).

It is expected that uncertainty in future states is reduced with time. The effect of wait on
option value has been quantified separately under individual sea-level rise scenarios by Kim
et al. (2018). The core character of the paper is to eliminate the subjective views towards the
future. This assessment framework provides the unique option value of an adaptation option
under each sea-level rise scenario — whether it is multiple-stage or single-stage adaptation
option (Kim et al., 2018). In this regard, we, here, focus on assessing the economic efficiency
of multiple-stage adaptation options under each of the sea-level rise scenarios provided by the
currently available UKCP 09 data (UK climate projection 09) (Lowe et al., 2009).
Additionally, this research allows the investment time to vary, following the previous
research (Kim et al., 2018). Therefore, the framework of option evaluation used in this thesis
seems to be more systematic and objective than the previous analysis. This thesis seeks to
exclude such aspects in option evaluations by taking sea-level rise scenarios per se
individually. Thus, there is no need to estimate the possibility or probability of the future

states (i.e. sea-level rise scenarios) from the current perspectives.

7.6 Lessons from the application of the real options analysis

The potential roles of real options analysis have been assessed in the contexts of coastal
flooding and sea-level rise. Although the developed framework of the real options analysis
has been applied only in coastal flooding and sea-level rise, we could identify the possibility
of this method for application to other climate change adaptation issues. To see whether the
real options analysis is applicable to other climate change issues, this section has highlighted

some key lessons as follows.

Firstly, all the possible range of flood damages should be estimated against flood loadings.
As investigated, the real options analysis requires a correspondent relation between
monetised flood damages and flood loadings for option evaluation. This is assumed to be a
unique response of hydrological systems or sites to climatic stimuli such as extreme flood
water levels. As flood risk in any year is defined as the integration of all the flood damages
times the corresponding probabilities, the probabilities of coastal flood events need to be
assigned to the corresponding flood damages. As this analysis assumes that the hydrological
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conditions are constant over time, it plays a critical role in linking monetised flood damages
and the probabilities of the corresponding flood damages. Thus, this assumption allows us to
evaluate flood risk, represented by EAD, in any year and, consequently, benefits (i.e. EABS)
from an adaptation option.

This assumption can be extended to other cases of coastal flooding as well as other climate
change issues such as fluvial flooding, storms, heatwaves and droughts. To apply this
approach to other climate issues, the correspondence between flood loadings and flood
damages should be defined prior to option evaluation. This correspondence can be made by
iterative flood simulations at various flood loadings within all the possible range or by a
model to describe the relation of climatic variables to climate induced damages on a specific
site. For example, flood damages (D) — the amounts of precipitation (P), agricultural damages
(D) - droughts (Q) or temperature (T) can be an example of climate damage models to

describe such relations.

Secondly, the uncertainty of climatic variables should be explicitly defined to quantify the
effects of the uncertainty on the performance of an adaptation option. For the comparison of
all the adaptation options or pathways, the performance of all the adaption options should be
quantified in one metric (in this thesis, economic efficiency). In the case of coastal flooding,
this thesis considers three different types of uncertainties in flood loading: (1) one is the
natural variability (also referred to as inherent uncertainty) of extreme still water levels; (2)
the other is future uncertainty from sea-level rise scenarios; and (3) another is climate
sensitivity (or model uncertainty) from an ensemble of climate change models. All the
uncertainties have been integrated so that the changes in the probability distribution of
extreme still water levels can be modelled in association with sea-level rise. In this way, the
uncertainty of climatic events can be modelled to describe changes in the probability
distribution of climatic events over time. This concept of uncertainty modelling can be
applied to describe the non-stationarity of other climatic variables such as rainfalls,
heatwaves, droughts, temperatures and so forth. However, ways to model the uncertainty of
climatic variables need to be adjusted according to the characteristic and representation of

climatic variables from available dataset (e.g. IPCC projection)

Lastly, an observation process to detect the implementation time of an adaptation option

should be defined for application to other climate change adaptation issues. As discussed, the

observation is a critical process to ensure the real-options-based approach achieves a

maximum option value. This thesis considers sea-level rise as a main driver to change the
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statistical properties of climatic events. This thesis has found that the absolute sea-level rise is
an important indicator to trigger an adaptation option at the right time. For other climatic
variables, the real-options-based approach needs to consider different triggering rules and
observation methods to determine the optimal investment time of an adaptation option. For
example, in the case of fluvial flooding, how to set up a critical amount of rainfall to
implement an adaptation option and how to detect change in the amount of rainfall can be an
important question for application of real options analysis. These aspects need to be
addressed for future research.
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8. Conclusion

The method to evaluate flexible options or strategies has been developed and applied for the
case study area of Lymington, UK. In recognition of the large uncertainty, the flexible
strategies to adjust adaptation measures in response to sea-level rise are considered as an
efficient and robust way to improve investment decisions. In this context, the real options
analysis helps to identify an optimal investment decision and quantify adaptation options in a

systematic way.

The risk and uncertainty of coastal flooding in Lymington has been considered in previous
studies (Haigh et al., 2004; Wadey, 2013; Wadey et al., 2013). However, the effect of
adaptation measures to reduce the flood risk are less understood than the causes and
consequences of flood damages due to coastal flooding and sea-level rise. This study firstly
focuses on the possible adaptation measures to reduce the risk of coastal flooding and the
uncertainty of sea-level rise for Lymington. The application of real options analysis in the
case study site has been undertaken to draw the potentials and limitations of the real-options-
based approach. For application to other sites, the key benefits and limitations need to be
considered in a broad context to ensure this thesis could have meaningful insights and

practices for climate change adaptation policies or flood risk managements.

8.1 Applicability of real options analysis in a broader context

The integrated methodology, comprised of a series of processes of uncertainty modelling,
flood simulations and option evaluations, enables us to estimate flexible strategies under the
uncertainty of sea-level rise. Through the results of real options analysis for both single-stage
adaptations and multiple-stage adaptations, we can make more informed decisions for some

reasons.

Firstly, the real-options-based approach enables us to know when the adaptation option needs
to be implemented under the given rate of sea-level rise with an absolute sea-level rise. Thus,
if the investment condition meets a decision criterion (NPVopt > 0), an adaptation option will
be autonomously implemented at the optimal investment time whatever the rate of sea-level
rise is. This is how the real-options-based approach achieves a maximum option value under
a given condition. As a multiple-stage adaptation path is made up of two or more single-stage
adaptations, this investment rule for single-stage adaptation options is also valid for each
stage of the multiple-stage adaptation.
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Secondly, the option value of an adaptation option has a large uncertainty due to uncertainties
from various sources such as hydrological conditions, future growth rates, the lack of data,
the limit of an ability to describe flood dynamics, discount rates, mistakes on cost estimation
and so on. This implies that various types of uncertainties from different sources may have
substantial effects on the option value and optimal investment time. In terms of the optimal
investment time, the uncertainty issue can be resolved by observing the absolute sea-level rise
during the wait. In terms of the option value, the uncertainty issue may lead to a wrong
investment decision because the option value significantly varies depending on the accuracy
of the analysis and data. This may be attributable to the inaccuracy of our interpretation and

understanding of coastal flooding such as physical features and statistical properties.

Nevertheless, this thesis has demonstrated that flexibility gives us an opportunity to exploit
all the available resources or measures (e.g. investment cost, investment timing and the
number of adaptation stages, the size of an adaptation measure) for the optimality of an
adaptation. Through this quantification process, we can have the relative order or priority of
the possible adaptation paths in option value. This enables us to make a statement that one
option is better than others in a certain situation. This approach has seen the ranking of the
adaptation paths remain constant across sea-level rise scenarios. This is because the biases
from different uncertainties have the same directional effects on the option values of various
adaptations. Thus, the biases on the data and simulations can be eliminated or resolved by
relative comparisons of candidate adaptations.

Lastly, the multiple-stage options and single-stage adaptations are compared in the same
metric in this thesis. Both options are flexible. Thus, how to use the flexibility differs,
depending on the rates of sea-level rise and other factors. This approach, at least, provides
instructions and methods on how to use such flexibilities incorporated in adaptation options.
The option value by the optimal investment is a maximum value we can achieve by the
investment rule or instruction. In this regard, the focus of the real options analysis needs to be
on how to incorporate flexibilities into adaptation options rather than on how to use the
flexibility already included in adaptation option. This thesis has created various adaptation
paths by raising the current coastal defence by 0.5 m or 1 m in two or three stages. Although
these adaptation paths are arbitrarily made to create experimental conditions for real options
analysis, the systematic assessment of all the possible paths allows us to know which path is

the most efficient and robust against the uncertainty of sea-level rise.
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Despite the advantages, the real options analysis is a very intensive work that requires a great
amount of computational resources, time and data process. For example, all the available
adaptation paths are seven and SLR scenarios are five in this thesis. Thus, the number of
calculations is at least 35 times for all the SLR scenarios and the adaptation paths. In
addition, as four premium scenarios are considered in calculations, 48 additional calculations
(73 calculations in total) are needed to calculate the option values of all the adaptation
options under all the conditions. Thus, the efforts towards reducing the amount of work need
to be made for more general applications, if the purpose of the real options analysis in the
context of risk management is to make an investment decision at the high level of decision-

making.

The arguments above are based on the assumption that the adaptation options are
implemented when sea-level rise reaches the critical threshold value or absolute sea-level rise
for the corresponding adaptation measure. The optimal condition made by the critical sea-
level rise is theoretically based on the relation between EAB and sea-level rise. However, in
other cases, it may be difficult or impossible to draw such a relation between EAB and
uncertain climatic variables such as rainfall, heatwave and drought. In addition, a way to
estimate EAB from an adaptation measure across different climatic variables is a challenging
task. As investigated, the estimation of EAB requires the analysis of probabilities of climatic
variables and the corresponding climate-induced damages. This may be a critical limitation
on the application of the real options analysis into other cases. Thus, the relationship between
climatic variables and EAB for an adaptation option should be defined in order to apply this

approach to other cases.

8.2 Implications of the results of real options analysis in climate change adaptation
1) Answer to question 1: Option values in investment decisions

The real option value (NPVopt) estimated for each adaptation option or pathway indicates the
present value of a maximum reward that can be achieved by using flexibility under a given
future sea-level rise (Kim et al., 2018). Subsequently, the option value derived from real
option analysis reflects the effect of flexibility in itself. By estimating and comparing the
option values from an immediate investment and an optimal investment, it could be

understood whether an adaption option is worth proceeding or waiting to the later date under
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any given SLR scenario. In addition, single-stage investments (for option to wait) and
multiple-stage investments (for option to grow) are assessed within the same analytical
framework. This comparison enables us to analyse which strategy is more efficient against
‘do nothing’ option: a single investment or sequential investments under the uncertainty of

sea-level rise.

Although this real-options-based approach compares the economy efficiencies of adaptation
options against the risk of coastal flooding, the option values also indicate how quickly we
have to act against the rising risk of coastal flooding or how to split an adaptation option into
sequential multiple adaptations. In this regard, the option value is an index that enables us to

select the most efficient flexible option or strategy under the uncertainty of climate change.
2) Answer to question 2: The optimisation of flexibility

The second question concerns how we can exercise the adaptation options in association with
the outcomes of real options analysis. The answer to this question, thus, focuses on how to
implement the adaptation options under the uncertainty of climate change or sea-level rise.
As reviewed, the real-options-based decisions differ depending on the option values of
NPVopt and NPVhow and the optimal investment time of an adaptation option. As the option
values and optimal investment time depend on the rate of sea-level rise and future growth
rates, if the controllable factors are constant, adaptation actions will be taken in response to
these uncontrollable factors observed during the wait. This implies that the success of real
options analysis relies on the observation and detection of the patterns of sea-level rise. As
long as the flexibility is alive, the observation is an important task for the success of real

options analysis.

The flexibility can be used in different ways. As mentioned, the flexibility of a wait is in
regard to investment timing. Thus, this type of flexibility can be used without any restriction
if we can have an ability to defer an adaptation option. However, splitting an adaptation
option into pieces of adaptation options is a different type of flexibility from that of wait.
This type of flexibility incurs additional costs and is irreversible if the first phase of
investment is made or planned. The use of such a flexibility requires a more detailed analysis

to maximise the economy efficiency of an adaptation option.

This flexibility is related to the split and merge of adaptation options under the uncertainty of

climatic variables. The best strategy can be found by comparing all the candidates multiple-

244



Chapter 8. Conclusion

stage adaptations against all the possible future states. In this way, the best adaptation

strategy can be chosen by trading the best performance with the less sensitivity.

By the result of real options analysis (i.e. option values), the adaptation option can be
implemented, deferred, split, reduced, increased or abandoned. In this way, we can optimise a
given adaptation option under any of SLR scenarios. Thus, the optimisation of flexible
strategies, whether they are single stage options or multiple stage options, can be achieved by
the quantitative comparison of all the possible adaptation options under all the possible future
states.

3) Answer to question 3: Reduction in uncertainty by flexibility

Uncertainty comes from everywhere there is the lack of understanding and knowledge on
what people pursue. This research considers two sources of uncertainties from the future; (1)
sea-level rise and; (2) socio-economic developments. As we are not prophets, we cannot
know what future will occur. Instead, climate change scientists have created various
narratives to describe the possible future states regarding sea-level rise and socio-economic
developments. Strictly, the uncertainties cannot be fully resolved by the current knowledge
and understanding, as long as the future is still unknown. Since the uncertainty is defined as
the imperfection of our knowledge, reduction in uncertainty implies increase in our
knowledge or understanding. Thus, it is difficult to define the state of imperfection of our

knowledge on future climate change in a quantitative way.

However, as flexibility has been added to, or included in, adaptation options, we have an
ability to adjust adaptation options in response to the future states of sea-level rise and socio-
economic changes. This is literally how flexible adaptation options or strategies address
uncertainty. More correctly, rather than uncertainty has been reduced by flexibility or real
options analysis, the real options analysis shows us a way to optimise investment decisions
by flexibility under the imperfection of our knowledge on the future. If we have more
information about the future, and more advanced technologies for climate change predictions,
we can make more informed decisions. In this regard, the question “Has the uncertainty been

reduced by flexible strategies” can be answered only in qualitative terms.

In this context, the characteristics of real options analysis are salient in that it quantifies
flexible adaptation strategies under various future scenarios. The adaptation options including
flexibilities have been assessed in terms of economic efficiency (that is, option value). These
assessed values, at least, enable us to know which adaptation path is the most efficient among
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all the possible pathways. Thus, the quantification of flexible strategies helps to improve the
quality of investment decision on the flexible strategies in addressing the uncertainty of the

futures.

8.3 Directions for future research

This thesis could extend this method to other areas. However, due to the limitations on Ph.D.
study, we applied these approaches only to the case study area of Lymington. Nevertheless,
the study of Lymington provides the detailed understanding of the principle and mechanisms
of the real-option-based approach in addressing the uncertainty of climate change with
flexibility. Through the case study, some aspects and lessons that need to be further

researched are identified as follows.

1) Changes in hydrological relations

The real options analysis is based on a constant hydrological relation between climatic
variables (i.e. sea-level rise), or flood loadings (i.e. ESWL+SLR+WAVE), and flood
damages. As well known, sea-level rise also has influence on morphology in coastal areas
(Hanson et al., 2015). As a result, the hydrological relation will change over time. This
change will also lead to change in the results of real options analysis as the expected annual
damage will change with time. In this regard, the hydrological relation needs to be
investigated periodically, while waiting for the investment. In addition, the updated
information or data will increase the accuracy of describing the hydrological relations

between climatic variables and flood damages.

Thus, the information and data such as topography, demography and socio-economic status
need to be updated regularly to investigate the validity of the results of the real options
analysis in the future. It was difficult to predict or simulate the morphological change in
floodplains or saltmarsh before coastal defence in this thesis due to the limitation on
techniques and data. The future research into the effect of morphological changes on real
options analysis will help understand how to implement adaptation options under the

uncertainty of morphological changes.
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2) Investment cost of construction

The investment cost of an adaptation option is the most influential factor on the option value
and optimal investment time. Thus, if the investment cost changes, the result of real options
analysis will provide different option values and optimal investment time. It will lead to
change in the priorities or efficiencies of the adaptation options or paths. The estimation of a
capital cost for construction requires a site-specific information (EA, 2012). The construction
cost varies according to the types of adaptation, environmental conditions (e.g. extreme water
levels and coastlines), working conditions (e.g. accessibility to construction sites) and the
availability of materials (EA, 2016). Thus, it was difficult to provide an accurate estimate of
construction cost at the level of decision-making or academic research. For more convenient
applications, it would be helpful to establish a relation between defence heights and
construction costs on an ad hoc basis.

3) Probabilistic analysis of different defence failure mode

This thesis has simplified flood mechanisms or dynamics in Lymington by considering
overtopping (i.e. waves) and overflowing (i.e. high tides and storm surges) as main defence
failure modes. In reality, more complicated failure modes such as breaching or compound
flooding combined with fluvial flooding are physically plausible in Lymington. To consider
the effects of breaching failure on option evaluation, this thesis assumes that the breaching
failure occurs at high water levels near or above the crest level of coastal defence. As well
known, the occurrence of the breaching failure is probable, depending on water levels, waves
and defence conditions (Dawson and Hall, 2006). It would be a more realistic approach that
the breaching failure mode is incorporated into option evaluation in a probabilistic way. For
example, the expected annual damage for the breaching failure can be included by estimating
the annual probability of occurrence of the breaching (p) and the corresponding flood damage
(D) (= pxD). Methods to incorporate the breaching failure in this real options analysis need to
be further investigated. In addition, a heavy rain from the upstream of the river Lymington,
coupled with a high tide on the river estuary, may cause more severe flooding. Thus, a way to

include more complicated cases of flood events needs to be developed for future research.
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4) Accuracy of data and modelling

There are various uncertainties coming from each process of real options analysis: (1)
uncertainty modelling; (2) flood simulations; (3) monetisation processes and (4) estimation of
EAD and EAB. Thus, the inaccuracy or error of data and modelling in each process has an
influence on the final results of real options analysis. It would be more helpful to investigate
how the uncertainty in each process affects the option value and optimal investment time of
an adaptation option. This validation process enables us to understand which process we have
to be more cautious on. This also helps know whether a bias or uncertainty in data or
modelling can be removed in the option evaluation process as the option evaluation of an
adaptation option is conducted upon the difference between flood damages before and after
the adaptation measure. The model and data uncertainty in real options analysis may be less
influential than other type of uncertainty (i.e. future uncertainty and natural variability). In
this regard, the sensitivity of the results of the real options analysis to the accuracy of models

and data needs to be examined for future research.

5) Representation of SLR scenarios

This thesis has represented the SLR projections and probabilistic ranges of UKCP 09 with
Brownian motion. Since the theory and principles of real option evaluation had been founded
on Brownian motion (Dixit and Pindyck, 1994), this thesis has firstly focused on applying
Brownian motion to represent the stochastic motion of sea-level rise. A way to describe sea-
level rise needs to be further researched for more realistic representation in term of physical
aspects or dynamics. For example, if the variance parameter (o) of Brownian motion is over 2
to 3%, its representation shows an unrealistic behaviour such as 40 cm drops in sea levels or
negative sea-level rise. In this regard, this thesis has adjusted Brownian motion by adopting a
varying variance parameter according to the probability range of sea-level rise for each SLR

scenario.

The Brownian motion using a varying variance parameter shows physically more realistic
behaviours of sea-level rise than simply using a constant variance parameter; although its
probability range of sea-level rise does fit less to the uncertainty range of sea-level rise from
UKCP 09 than that from the constant variance parameter. Thus, the way to estimate variance
parameter for more accurate representation of SLR projections needs to be further

investigated for a comprehensive representation of sea-level rise in the real world.
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Chapter 8. Conclusion

As a result of real options analysis into Brownian motion, this thesis has understood that the
option value of an adaptation option is affected by the central estimation of SLR projection.
This is because the option value is estimated upon the statistically averaged value of sea-level
rise or EAD. Thus, the uncertainty range has no effect on option evaluation. This implies that
SLR projections need to be more diverse with the uncertainty range being narrower for option
evaluation. This enables us to assess option values under more diverse SLR scenarios. How

to represent the uncertainty of sea-level rise also needs to be considered for future research.
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Appendix A. Analysis of wave effects on coastal flooding

Waves also affect an inundation process to facilitate inflow towards floodplains during
coastal flooding. This type of defence failure by waves is referred to as overtopping in
inundation modelling (Owen, 1980; EurOtop, 2016). For a more realistic generation of
coastal flooding, the effects of waves need to be considered in inundation modelling. They
may cause the breaching of coastal defence. There have also been many studies on breaching
failure in flood risk analysis (Hall et al., 2003, Dawson et al., 2005, Gouldby et al., 2008).
The breaching failure occurs by the combination of defence conditions and loading
conditions during coastal flooding. Once overtopping or overflowing is replaced by
breaching, a significant volume of seawater enters floodplains. The probabilistic approach
has been developed to express the relative probabilities of breaching failure according to
waves (W) and water elevation (Hs) (Dawson and Hall, 2006). However, as the waves
coupled with water levels during a flood event are the main cause of the breaching failure, the
breaching failure is conditional on waves, extreme still water levels and sea-level rise. It
seems difficult to combine the probability of breaching failure with the probability of sea-

level rise and extreme still water level.

This appendix is aimed to quantify the effects of waves on inundation with a focus on
integrating wave effects with extreme still water levels and sea-level rise. As ESWL and SLR
are given in height in this thesis, the volumes of overtopping by waves are converted to be
equivalent heights by using a weir formula (Dawson et al. 2005). The estimation of
overtopping volumes by waves follows several steps: (1) estimate overtopping volume over
the crest of coastal defence; (2) calculate the rate of overtopping during a flood event by
dividing the overall overtopping volume by its period; (3) convert the overtopping rate into
equivalent height by a weir formula; and (4) add the equivalent height to the corresponding
water level (i.e. ESWL+SLR). The following sections explain each process of integrating

overtopping effects, extreme still water levels and sea-level rise.
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A. 1. Mean overtopping discharge rate

To predict the impacts of waves on floodplains behind the coastal defences, we have
calculated the mean overtopping discharge rate (q) by using an Owen’s formulas (1), (2) and

).

Q+ = Aexp(-B X R«/r) @
Q- =Q/(g Tp Hy) (2)
R« = R¢ /(Tp (g HS)OIS) (3)

Here, Q : overtopping discharge per the unit length of defence
Hg: significant wave height (m) at the toe of the structure
T, wave period (sec) at the toe of the structure
R.: crest freeboard (= a distance from water surface to the crest of coastal
defence)
r : roughness coefficient

A, B: empirically determined coefficient

The mean overtopping discharge rate is defined as the volume of overtopping seawater per
unit time per unit width of coastal defence (m%/s/m). The mean overtopping rate depends on
wave parameters (Hg, Ty,), the elevation of seawater level, the crest height and slope of
coastal defences as shown in equation (1) (Owen, 1980). Since it is also affected by the crest
freeboard (R, = crest level —water level), the time-series of water levels during a flood event
are also needed for calculations of wave overtopping. The mean discharge overtopping rate
during a tidal cycle (= 12.43 hr) has been derived using Owen’s formula in Figure A. 1. Table
A. 1 shows the parameter values of the wave formulation for the defence conditions, which

are taken from the weakest points of the coastal defence around Lymington.

266



APPENDICES

Table A. 1 Parameter values of defence conditions for overtopping calculation

Parameters of Owen’s formulation Values Remark
Crest height (Hc) of defence 2.5m (AOD) | The lowest height of crest defence
Roughness (n) 0.95 Stone blocks
A 0.0094 Seawall with the slope of 1:2
B 21.6

This overtopping calculation has been made by using the time-series of still water level and
the wave height and period (Hs=0.91m and T, =3.3s) during the 10" March 2008 flood event,

which is a well-documented flood event that occurred in Lymington (Refer to Section 3.2.2).
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Figure A. 1 Change in mean overtopping discharge rate, corresponding to the time-series of
still water level (the 10" March 2008) — calculated with Hs = 0.91 (m) and T, = 3.3 (sec)

The mean overtopping discharge calculation in Figure A. 1 does not consider the proportion

of the overtopping waves to the whole incoming waves. Therefore, the estimated overtopping

discharge rates are more than an actual discharge rate. These should be modified by applying

the percentage of the overtopping waves to the incident waves (Wadey, 2013). There are

many studies that explain the run-up mechanism of wave overtopping in coastal flooding
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literature (EurOtop, 2016). This research chose an empirical formula for sloping seawall
structures that describes the proportion of overtopping by using dimensionless mean
overtopping discharge (Q«) in equation (2) (HRW, 2003). As the formula represents the
proportion of overtopping in relation to dimensionless overtopping discharge (Q«), it gives a
proper approximation of an actual overtopping percentage according to the waves, still water
levels and defence conditions. The equations according to the values of Q« are shown in
equations (4), (5) and (6).

N

N°W = 55.41Q:°%** for 0 < Q« < 0.0008 (4)
w

N

N"W = 2.502Q:°'°  for 0.0008 < Q« < 0.01 (5)
w

Now = Ny for Q« = 0.01 (6)

Here, N, : The number of waves overtopping
N,y : The total number of waves in sequence

Q- : The dimensionless overtopping discharge (= Q/(T,gHs))

Based on the above formulations, the actual overtopping discharge rates have been re-

estimated as shown in Figure A. 2.
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Figure A. 2 Actual rates of wave overtopping during the 2008 event in Lymington
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A. 2. Calculation of total volume of overtopping

To consider temporal changes in overtopping rate against varying still water level, this part
examines how the overall volume of wave overtopping changes according to peak extreme
still water levels under given wave conditions (Hs and Tp). Note that the peak still water level
is the highest water level during a storm surge event - In simulating a flood event, this thesis
uses a peak water level by which the time-series of still water level during the flood event are
generated for a realistic coastal flooding. The relations between peak water levels and
overtopping volumes are deterministically established for each of wave heights as shown in
Figure A. 3.
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Figure A. 3 Total overtopping volumes for peak extreme still water levels for different wave
conditions (Hs = 0.91, 1.09, 1.28, 1.31 and 1,34m and T, = 3.3s (constant)).

The estimated volume is the overall amount of wave overtopping during a storm surge event
for each wave condition. However, in flood simulation, still water level is continuously
varying during a storm surge event. The actual overtopping volume at any given time is
subject to water level at the time. That is, when water level is much lower than the crest level
of coastal defence, the overtopping is unlikely to occur in floodplains behind the coastal
defence. However, if water level is higher than the crest level of coastal defence, overflowing

prevails over overtopping in flood inundation mechanism. This case is called a negative crest
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freeboard (= still water level > crest level) (EurOtop, 2016). In this case, the crest freeboard
(Re¢) is assumed to be zero in the equation (3) so that the overtopping discharge rate is

considered to be constant during overflowing (EurOtop, 2016).

Thus, the overall overtopping volume is allocated to represent the joint effects of overtopping
and overflowing during a storm surge event. Generally, if overtopping discharge rates exceed
20 (I/s/m), overtopping causes adverse or intolerable impacts on floodplains behind
overtopped coastal defence (HRW, 2003; Wadey et al., 2013). By equating the threshold
value of overtopping rate to be 20 (I/s/m), this thesis can determine the duration of an
overtopping event. The overtopping volume is, then, divided by the duration bounded by the
threshold overtopping rate of 20 (I/s/m). The average volume per unit time has been obtained

for an overtopping event as shown in Figure A. 4
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Figure A. 4 Calculation of an overtopping discharge volume (Viota) and its average (Qaver) for
wave (Hs = 1.31m, Tp = 3.3s) and peak still water level (ESWL = 2.5 mAOD) against the
coastal defence (Hc = 2.5 mAOD).

To make overtopping discharge have the same dimension with overflowing discharge in

flood simulation, the average overtopping discharge (daver) iS converted to the equivalent

height above the crest of coastal defence using a weir formula provided by EurOtop (2016).
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q = 0.51*/g*h® (7)

Here, q: an overtopping discharge

h: height over the crest of weir

This formula enables the calculation of an equivalent height for overtopping volume as
shown in Figure A. 5. This data on the equivalent height of the overtopping volume is
uniformly added to water level time-series during a flood event in inundation simulation. This
combination provides an approximate estimation of wave effects on inundation simulation by
shifting up the water level of a coastal flood event (i.e. ESWL+SLR). However, applying the
equivalent height on the time-series of extreme still water level may lead to the
overestimation of flood inundation because overflowing at high water levels is dominant over
overtopping. For this reason, the equivalent height of overtopping is limited to 0.2m, which is
recommended as the maximum limit to the effect of overtopping discharge (HRW, 2003;
2004) in Figure A. 5.
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Figure A. 5 Equivalent heights of discharge rates during overtopping events according to peak
still water levels for each of the wave heights (Hs=0.91, 1.09, 1.28, 1.31 and 1.34 mand Ts =
3.3s) - Here, the defence height is 2.5 mAOD.

271



A. 3. Statistical test on wave, extreme still water level and sea-level rise

The previous part has investigated how overtopping rates change according to seawater
conditions such as water levels and wave heights. As still water levels and wave heights are
both stochastic variates, overtopping rates are also random variables as a result of
combination of extreme still water levels and wave heights. Thus, the overtopping rate has its
own probability distribution. The joint probability method based on Monte-Carlo simulation
programme allows this analysis to combine the probabilities of waves and extreme still water
levels for generating the probability distribution of overtopping rates. However, due to sea-
level rise in a long-term period, the joint probability of waves and extreme still water levels
keeps changing with time. The statistical integration of waves and extreme still water levels
is, thus, a very challenging task in the uncertainty modelling process.

The first issue is a non-stationarity of the probability distribution of extreme still water levels
due to sea-level rise. Thus, the joint probability of waves and extreme still water levels will
change due to sea-level rise. Strictly, this analysis needs to construct the joint probabilities of
waves and extreme still water levels with the effects of sea-level rise reflected on the

probabilities.

The second issue is a high dependence between overtopping rates and extreme still water
levels. Even if the probability of overtopping rate is defined by the joint probability method at
any time, the occurrence of overtopping events relies more on extreme still water levels than
waves. Therefore, the probability of waves seems to be less influential than the probability of

extreme still water levels in calculation of the probability of overtopping rates.

In these contexts, this thesis simply adopts a fixed wave parameter in order to avoid a very
complicated calculation of overtopping rates. The wave parameter has been taken from the
2008 flood event which is considered as a typical flood event for the current defence system
in Lymington. To compare the effects of waves and extreme still water levels on overtopping
rates, this thesis investigates the joint probability distributions of overtopping rates from
waves and extreme still water levels. This research, first, takes the return period wave data
between 1990 and 2002 for Lymington from the previous research (Kebede, 2009; Wadey et
al., 2013). The Weibull distribution is selected as the best-fit probability distribution to the

wave dataset by assessing the relative quality of candidate probability distributions (e.g.
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Weibull, Exponential, Gumbul distributions, etc.). Figure A. 6 shows the wave dataset and
the fitted Weibull distribution.
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Figure A. 6 Wave data and probability distribution: (a) Weibull distribution fitting to wave
data and (b) Weibull distribution of wave for Lymington

The probability distribution of waves is combined with the probability of extreme still water
levels of the base year (2008) for Lymington. By sampling 10,000 data on waves and extreme
still water levels from each probability distribution, this probability analysis has constructed
the joint probability of the overtopping rates in equivalent height. For comparisons, the
probability distribution of overtopping rates is made for each of the wave heights (Figure
A.7). The calculation of overtopping rates is based upon the Owen’s formulation (1980) (See
the previous analysis in Section B. 1) for the coastal defence with a defence height of 2.5m
(AOD) and a slope of 1:2 which is the parameter of the weakest coastal defence in
Lymington. This calculation process is conducted by a probabilistic analysis programme
(@Risk) using sampling method. This programme is also designed to enable the programmed
calculations of overtopping rates with stochastic variables of waves and extreme still water
levels iteratively. For the generation of the joint probability distributions, the extreme still

water levels are taken from the exponential distribution defined in Section 4.2.1.
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Figure A. 7 (a), (b) and (c) Probability distributions of overtopping rates by the exponential
distribution of extreme still water levels (ESWL) and 0.31m of sea-level rise for different wave
heights (the wave period is the same with 3.3s) — The probability distribution (d) is made by
the joint probability method of waves distribution (Weibull) and ESWL distribution
(Exponential).

As shown in Figure A. 7 (a), (b) and (c), the different wave heights lead to different ranges
and probabilities of overtopping rates. The joint probability method (Figure A. 7 (d)) gives a
well-defined probability distribution of overtopping rates based on the probabilistic

characteristics of waves and extreme still water levels. However, this newly produced
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probability distribution keeps changing due to sea-level rise. Thus, the joint probability of
overtopping rate is transient. In addition, the overtopping rates from this joint probability
need to be combined with the corresponding extreme still water level in order to represent the
overall effects of overtopping and overflowing in flood risk analysis. The former is mainly
due to waves whereas the latter is due to extreme still water level and sea-level rise. If we
combine overtopping rates with extreme still water levels independently, this would give a
biased result. It is because the overtopping rates are highly dependent on extreme still water
levels and sea-level rise. The statistical correlation of two random variables of overtopping
rates and extreme still water levels seems to be a very challenging task beyond the limit of
this thesis. In addition, the effects of waves on flood simulation are much less than the effects
of storm surges. Thus, this research has generated the probability distributions of overtopping
rates in respect to the constant wave parameters of Hs and T, taken from the 2008 flood
event. This approach seems to be reasonable when comparing the dependence of overtopping

rates on waves with that on extreme still water levels as shown in Figure A.8.
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Figure A. 8 The degree of correlation (p) of overtopping rates with extreme still water levels

(a) and with waves (b) (Here, N is the number of scatters)

In 5,000 calculations of overtopping rates with the random variables of wave and ESWL, the
overtopping rates show much higher correlation with ESWLs than waves. The significance
between extreme still water levels and overtopping rates is found with a correlation factor
estimated at (p = 0.9424) as shown in Figure A. 8 (a). However, the correlation between

waves and overtopping rates (p = 0.2694) is much less significant than that of ESWL as
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shown in Figure A. 8 (b); although waves are a main driver to trigger the overtopping failure

of coastal defence.

Choosing a wave parameter value (Hs and Tp) affects the possible range of overtopping rates
(See x-axis of the graphs in Figure A. 7). As seen in Figure A. 7, the probabilistic range of
wave overtopping rate for Hs =1.09m (the return period of the wave is 1 year) exactly
matches with the width of overtopping rates made by the joint probability method. Taking the
low wave heights (e.g. Hs=1.09 or 0.91m) is able to cover the full range of overtopping rates
while taking the high wave heights (Hs=1.34m) is unable to the full range of overtopping
rates. Thus, the wave parameter (Hs = 0.91m and T, = 3.3s) is taken from the 10" March 2008
event in Lymington. This wave parameter provides the full range of overtopping rates for

inundation modelling in comparison to other wave parameters.

The equivalent heights of the overtopping rates are simply added on the peak still water
levels plus sea-level rise for the loading conditions of coastal flooding. As the wave condition
(Hs =0.91m and Tp = 3.3s) is fixed, this provides a deterministic relation between

overtopping rates and water levels as shown in Figure A. 9.
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Figure A. 9 A relation between overtopping rates and water levels (= ESWL+ SLR) for the
wave conditions (Hs =0.91m and Tp =3.35)
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Appendix B. Applying Brownian motion into Sea-level rise (SLR)

From the perspective of the expected utility theorem (Daniel Bernouli, 1738), option values,
based on central values, are the results of statistical expectation regarding the uncertain
outcomes of flood damages in the future. Thus, choosing a central estimate of MSLR for
option evaluations can be considered as a reasonable approach. Nevertheless, it should be
noted that this approach cannot address the low-probability, but high-impact, events in the

perspective of risk managements.

To tackle this problem in the mean value of sea-level rise or flood damage, this thesis
employs Brownian motion to describe all the possible range of sea-level rise in a statistical
way. However, it requires a parametrization process to represent the deterministic and
random motion of uncertain variables with drift and variance parameters (o, ¢), respectively.
This appendix focuses on adjusting the Brownian motion for sea-level rise projections. We
apply each type of the Brownian motion for sea-level rise projections: (1) Simple Brownian
motion, (2) Geometric Brownian motion and (3) General Brownian motion and, then, choose
the most suitable motion to sea-level rise projections by UKCP 09. These continuous

stochastic processes describe the motion of uncertain variable in different ways.

B. 1. Simple Brownian motion (SBM)

The drift parameter of Simple Brownian motion, which describes the long-term trend of sea-
level rise, can be easily obtained by setting variance parameter to be zero (i.e. the state of no
uncertainty) in its expression. That is, the Simple Brownian motion (hereafter, referred to as
SBM) with no uncertainty is

dx = adt Q)

o X-Xo = alt-tg)

Here, a is a drift parameter, x, is sea-level rise at year to, x is sea-level rise at year t. By
fitting equation (1) into MSLR, we can have a drift parameter for each sea-level rise
projection. The Brownian motion with no uncertainty for each sea-level rise scenario is

plotted with mean sea-level rise in Figure B. 1 (R? = 0.99).
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Figure B. 1 Simple Brownian motion (SBM) with no uncertainty for each SLR scenario

The uncertainty of a sea-level rise projection at any given time has been represented by a
percentile range at the corresponding time in UKCP 09 data while the variance parameter (o)
of SBM is obtained from the variance (ot) of sea-level rise (from UKCP 09) at time t. It is of
note that, while the variance (¢) of Brownian motion indicates change in the stochastic
process over a time interval, the variance (ot) Of sea-level rise at time t indicates the
uncertainty range of any variable being observed at time t. For SBM, the variance parameter

(o) has a relation with the variance (ot) of variable (x) at time t as below.

Var[x] = [0¢]* = 0(t-t,)? (2)
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O¢

t'tO

o =

Here, Var[x,]: a variance of variable x; attime t
o,. a standard deviation of variable x, at time t

to: a start year of Simple Brownian Motion (SBM)

To estimate the variance parameter of SBM, this analysis selects the variance of sea-level rise

at 2100 for each SLR scenario. The standard deviation (ot) of sea-level rise at 2100 can be

calculated from the width of a 90%-confidence level which is bounded by the 5 and 95%

percentile of sea-level rise projection (UKCP 09) at 2100 as shown in Figure B. 2.

As the standard deviation (62100) at year 2100 for each SLR projection is known, we can have

the variance parameter (c) of Simple Brownian motion for all the SLR scenarios by equation

(2).
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Figure B. 2 Mean (p), standard deviation (ct) and percentiles of sea-level rise at 2100 for

high SLR projection from UKCP 09 (Lowe et al., 2009).
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Table B. 1 Drift (o) and variance (o) parameters for each SLR by SBM (unit: m/year)

SLR scenario Drift parameter (o) Variance parameter (o)
High 0.0055 0.0187
Medium 0.0043 0.0147
Low 0.0036 0.0115
Historic trend 0.0013 0.00018"

* The variance parameter is obtained from the observed sea-level rise data at Southampton gauge since 1935
(Haigh et al., 2010)

As the drift and variance parameters (a, 6) are known, the Simple Brownian motions for all
the SLR projections can be represented using these parameters. This thesis generates random
time-series of sea-level rise for discrete time (At =1 year) in a numerical way. The Simple

Brownian motion can be expressed for discrete time (At = 1 yr) as below.
Xi+1°X¢ = 0@ + O€ (3)

Here, x.,1, X : Stochastic variables of sea-level rise at year t+1 and year t

€. arandom variable normally distributed withp=0and o =1

The generation of a random variable () in equation (3) uses a random value generator
provided by Microsoft Excel. The random value generator of the Excel programme returns an
evenly-distributed random real number between 0 and 1 at every run. Then, the randomly
generated values have been input into an inverse function of normal distribution with the
mean of 0 and the standard deviation of 1. This coordinated function enables the equation (3)
to randomly generate the time-series of values of sea-level rise on a yearly basis during the
period from 2008 to 2100. The four examples of sea-level rise following the Simple
Brownian motion are shown for each of the SRL projections in Figure B. 3. Most random
series generated by the Simple Brownian motion occur within the 5" and 95" range of sea-
level rise projections. As seen in the High to Low SLR scenarios, some of the Brownian
motions fall out of the boundaries of the sea-level rise projections. This is statistically
possible because the 5" and 95" percentile ranges of the sea-level rise projection just indicate
a 90%-confidence interval in which nine of ten simulations of SBM are observed
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Figure B. 3 Examples of sea-level rise following Simple Brownian motion for each SLR
scenario — The Historical trend scenario is made of the current rate of sea-level rise
(1.3mm/yr) at Southampton. The variance of sea-lever rise rate (o = 0.00018mm/yr) is used

for the variance parameter(c) of SBM

The advantage of using the Simple Brownian motion is the convenience of calculation for
drift (o) and variance (o) parameters. Also, the long-term variation of SBM agrees relatively
well with the mean variation of sea-level rise projection by the UKCP 09. However, SBM
makes sea-level rise occurs in negative regions as shown in the Low SLR scenario in Figure
B. 3. In addition, roughly 40 cm falls are observed in Simple Brownian motion of sea-level
rise under the H++ SLR scenario. This is not physically plausible during the 21% century.
This type of Brownian motion is not appropriate to express the realistic nature of sea-level

rise from the perspective of our current observation and scientific understanding.

B. 2. Geometric Brownian motion

Geometric Brownian motion (GBM) of variable x is a special case of simple Brownian
motion in respect to the logarithm of variable x. Thus, the expression and parametrization
process of Geometric Brownian motion are the same with those of the Simple Brownian
motion with respect to In(x). The expression of the Geometric Brownian motion (hereafter,
called GBM) is written for a continuous time (t) in equation (4).
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dx = axdt+ oxdz (4)

Here, o: drift parameter of GBM

o: variance parameter of GBM

dz: a Weiner process (Az = ev/At)

If there is no uncertainty in GBM, equation (4) can be adjusted to be equations (5) and (6).

dx = axdt (5)

1 | X
(g "G (6)

a(t'to)

. X = Xg€ or a=
Here, x,:sea-level rise at year t,

x : sea-level rise at year t

Equation (6) enables us to find a drift parameter (o) of Geometric Brownian motion (GBM)
which describes an exponentially increasing pattern of sea-level rise with no uncertainty. The
drift parameter (o) of GBM can be obtained by substituting into equation (6) the values of
sea-level rise at the base year (2008) and the end year (2100) for a sea-level rise projection,
respectively. The GBM with no uncertainty is plotted for each of the sea-level rise scenarios

in Figure B. 4 which can be expressed by an exponential function of time (x = x,e*(t%)),

The variance of x, at a given year t is given by equation (7) (Dixit and Pyndick, 1994)
Var[x] = 0% = x,2e?*(tt) (e“z(t‘to)-l) @)

Here, Var[x]: the variance of variable x at a given year t
o;. the standard deviation of variable x at a given year t
X, X variables at a given year t and a start year to, respectively

to: the start year of Geometric Brownian motion
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Figure B. 4 Drift parameters of Geometric Brownian motion (6=0) for each SLR scenario

By equations (6) and (7), we can find the drift and variance parameters of Geometric

Brownian motion for each of the SLR scenarios. Table B. 2 shows the results of its

calculations.

Table B. 2 Drift (o) and variance (o) parameters following GBM for each

SLR
SLR scenario Drift parameter (o) Variance Parameter (o)
High 0.0234 0.0348
Medium 0.0233 0.0330
Low 0.0230 0.0301
Historical Trend 0.0136 0.00018"

* The variance parameter for the Historical trend SLR is taken from the variance parameter of SBM

If the drift and variance parameters of each SLR scenario are substituted for the discrete-time

expression of Geometric Brownian motion in equation (8), it can also generate the annual

random time-series of sea-level rise as shown in Figure B. 5 .
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X¢ = (1 + )Xy + 0€Xpq (8)

Here, x.+1, X : the stochastic variables of sea-level rise at year t+1 and year t

€. normally distributed random variable (u =0and o = 1)
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Figure B. 5 Examples of sea-level rise following Geometric Brownian motion (GBM) for

each SLR scenario — Note a different y-axis scale in Historical Trend scenario.

However, when applying Geometric Brownian motion to the sea-level rise projections, the
exponential function (x, = x,e*(t)) of Geometric Brownian motion does not agree as well
with the long-term trend of a sea-level rise projection as the Simple Brownian motion does.
The representation of sea-level rise with GBM shows a significant disagreement with the sea-
level rise projection of the UKCP 09 in central estimate. Therefore, we conclude that
Geometric Brownian motion (GBM) is not appropriate for representing the sea-level rise
projections of the UKCP 09. However, one of the advantages in the use of GBM is that its
stochastic process does not occur in the negative region as well as the stochastic variables of
sea-level rise shows continuously upward trends. Therefore, GBM can be considered as a
useful approach to represent climate change projections if sea-level rise is positive or keeps

increasing.
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B. 3. General Brownian motion

General Brownian motion defines the deterministic and stochastic motion of variable x by
any functions a(x,t) and b(x, t), respectively. The mathematical expression of General

Brownian motion can be written in equation (9).

dx = a(x,t)dt + b(x,t)dz )

Here, a(x,t),b(x,t): any function of variable x and time t
dz: Wiener process

The advantage of General Brownian motion is that it can take any function a(x,t) or b(x, t)
to represent the behaviour of stochastic variable x. Therefore, it fits well with the central
value of a sea-level rise projection provided by UKCP 09. If there is no uncertainty in

General Brownian motion, General Brownian motion can be written as equation (10).

dx = a(x t)dt (10)

From this equation, we can understand that the function a(x, t) of Generalize Brownian
motion is the first derivation of variable x with respect to time t, if there is no uncertainty in
variable x. This thesis has derived a drift function a(x, t) from each sea-level rise scenario
whose variation of the central estimate is a quadratic function of time t (Lowe et al., 2009).
The General Brownian motion with no uncertainty is plotted for each of the SLR scenarios in
Figure B. 6.

The function of b(x, t) governs the stochastic motion of variables x in General Brownian
motion. In most of real options analysis in financial sectors, this function is determined by

analysts’ experiences and observation about the past records or data.

However, if we take b(x, t) from the past scientific data or observations, its representation
appears to be sea-level rise with no uncertainty. For example, if b(x, t) is set to be
+0.18mm/year for General Brownian motion, the time-series of sea-level rise with such a
variance parameter appears along the MSLR of UKCP 09 as shown in Historical Trend

scenario in Figure B. 6.
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Figure B. 6 General Brownian motion with no uncertainty (6=0) for each SLR scenario

For the description of uncertainty range of UKCP 09, we have also substituted b(x, t) with a
variance parameter from Simple Brownian motion for each sea-level rise projection. General
Brownian motion with such a variance makes the time-series of sea-level rise fit within the
uncertainty range of UKCP 09. Thus, the probability distribution of sea-level rise by General
Brownian motion in 2100 fits well with the probability distribution of UKCP 09 in 2100.

However, this type of General Brownian motion also shows the physically implausible
behaviours of sea-level rise (e.g. large drops in sea-level rise or sea-level rise below zero)
during the projection period as revealed in Simple Brownian motion. It is because a variance
parameter (o) taken from the uncertainty of sea-level rise at 2100 is too high to describe the
uncertainty range of sea-level rise in an early time period of UKCP 09 projection. It is of note
that the variance (ot) Or uncertainty range of sea-level rise in UKCP 09 is small in the early
stage of the projection and increases with time. In Simple Brownian motion, the variance
parameter (o) is estimated by dividing the variance (o1) Of sea-level rise at the end of the

projection (i.e. 2100) by a square root of the time distance between the start year and the end
year of sea-level rise projection (= \/T-t,, Here, T: the end year of the projection, to : the start

year of the projection). Thus, General Brownian motion using the variance parameter from
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Simple Brownian motion gives much fluctuation in sea-level rise in the early stage of the

time period.

To resolve this issue on the use of variance from Simple Brownian motion, we have modified
General Brownian Motion by using a time-varying variance parameter. For denotation, we
term this type of General Brownian motion ‘adjusted General Brownian motion’. As the
variance (ot) of sea-level rise at time t is known by UKCP 09, a variance from every year
during the period of sea-level rise can be obtained for each SLR scenario. As the variance
parameter of Simple Brownian motion is calculated, the time-varying variance function

b(x, t) at time t for adjusted General Brownian motion has been obtained by dividing the
variance (ot) at time t by the square root of time distance from the starting time (to) to the
time t. It is of note that UKCP 09 projection starts from 1990 with uncertainty increasing
from zero. In this regard, this thesis assumes that the variance function b(x, t) of the adjusted
General Brownian motion at time t is proportionate to the variance (ot) of sea-level rise at

time t. The function b(x, t) is written in equation (11).

b(x,t) = —t

V (t-to) 11)

Here, b(x,t): The variance function of variable x and time t for adjusted General
Brownian motion

o¢: The variance of sea-level rise at time t from UKCP 09

to: The starting time of sea-level rise projection (i.e. 1990)

For discrete time (At = 1), the equation (9) has a discrete form in equation (12) as below.
Xip1-Xp = a(x, ) At + b(x,t)Az

=a(xt) + b(x,t)e
v Xep1 = Xe +a(xt) + b(x, e (12)

Here, x.,1, X : Vvariables at time t and t+1, respectively

€ : arandom variable normally distributed with p of 0 and ¢ of 1
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Table B. 3 Drift functions (a(x, t)) and variance functions (b(x, t)) of General Brownian

motion for each SLR — The variance parameters are taken from Table B. 1

SLR scenario Drift function (a(x,t)) Variance function (b(x, t))"
High 0.000032 t - 0.06204 0.0001t-0.2913
Medium 0.000027 t - 0.04996 0.0001 t - 0.2297
Low 0.000021 t - 0.03969 0.00009t-0.1744
Historical Trend 0.0013 0.00018

* The variance parameter of Brownian motion at time t is the variance of sea-level rise at time t from UKCP 09
divided by ,/t-t, (to = 1990) — This time-varying variance parameter is fitted to a linear function with time.

The time-series of adjusted General Brownian motion with the stochastic properties of UKCP

09 can be simulated by a programmed Excel spreadsheet (Figure B. 6).

F{K?e:tle)pg Variables Formulation of General Brownian motion
t= O Xo N
t=1 Xp e * lxo + a(xq,0) + b(x, 0)€|
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t=T-1 Xp_q +— Wr_p +a(xr_p, T —2) + b(xr_,, T — 2)€|

\“‘-w

t=T xp+ % hpgtaGr T —D+blrol — e

Figure B. 7 The process of computing the variables of adjusted General Brownian motion

Four examples of time-series of sea-level rise randomly generated by adjusted General
Brownian motion are shown for each sea-level rise scenario in Figure B. 8. This illustration
shows more realistic behaviour of sea-level rise which occurs within the statistical boundaries
comprised of the 5" and 9" percentiles. As the variance parameter for adjusted General
Brownian motion reflects temporal changes in variance in UKCP 09, significant drops in sea-
level rise that appear in Simple Brownian motion are not observed during the simulation of

adjusted General Brownian motion.

289



Sea-Level Rise (M)

----- Adjusted General Brownian (no uncerainty’
— Adjusted General Brownian motion

—— The 5th percentile

—— The &0th percentile

—— The 95th percentile

High SLR

)

Sea-Level Rise (M
=]
[2s]
1

T T T
2060 2080 2100

Year

Medium SLR

1.81
16
1.4
1.2
1.0
0.5
0.6
0.4
0.2
0.0

Sea-Level Rise (M)

T T
2060 2080

Year

Low SLR

2000

Figure B. 8 Examples of time-series of sea-level rise by adjusted General Brownian motion

for each sea-level rise scenario

To see the effects of variance parameter on the patterns of Brownian motion, we have also

T T
2060 2080

Year

produced the time-series of General Brownian motions by using different variance
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parameters from the historical trend of Southampton and Simple Brownian motion,

respectively (Figure B. 9).
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Figure B. 9 General Brownian motions for High SLR scenario using (a) a constant variance
parameter taken from Simple Brownian motion (6=0.0181 m/year); (b) a time-varying variance
parameter; and (c) a variance parameter (6=0.00018 m/year) from the observation of sea-level

rise at Southampton gauge (Haigh et al., 2010).

General Brownian motion using the time-varying variance parameter provides more realistic

generation of sea-level rise than any others. However, it does not give a full description of the

291



stochastic properties of uncertainty of UKCP 09. The uncertainty range of the adjusted
General Brownian motion is narrower than that of UKCP 09 per se. Nevertheless, the
adjusted General Brownian motion produces physically more plausible behaviours of sea-
level rise than General Brownian motion using a constant variance parameter from Simple
Brownian motion. Large falls in sea-levels are not observed during the simulation. In
addition, when the rate and its standard deviation of annual time-series of sea-level rise are
estimated by a least square method, these estimates are similar to those of the observed data
on sea-level rise at Southampton. For instance, in the High SLR scenario, the rate and
standard deviation of time-series of sea-level rise from the adjusted General Brownian motion
are estimated to be 3.3~7.5 mm/year and 0.07~0.19 mm/year, respectively. Note that the rate
and standard deviation of sea-level rise from 1935 to the present is estimated to 1.3mm/year
and 0.18mm/year, respectively (Haigh et al., 2010). Thus, this thesis takes the adjusted
General Brownian motion for the description of uncertainty of sea-level rise projection from
UKCP 09. To validate the adjusted General Brownian motion, this thesis has measured the
properties of the probability distribution of sea-level rise at 2100. We have randomly
generated 10,000 time-series of sea-level rise by adjusted General Brownian motion and,
then, produced the probabilistic range (i.e. probability distribution) of sea-level rise at 2100

as shown in Figure B.10.

The estimated stochastic properties of sea-level rise generated by the adjusted General
Brownian motion have been compared to the mean and variance of sea-level rise projection
by UKCP 09 at 2100. Although the probabilistic ranges of sea-level rise from the adjusted
General Brownian motion is little narrower than those from the SLR projections of UKCP 09,
the probability distributions numerically generated from the adjusted General Brownian
motion agree well with those from the SLR projections of UKCP 09 in shape and width.
Also, the mean of sea-level rise from the adjusted General Brownian motion is closely
approximate to the mean of sea-level rise from UKCP 09 in 2100 (See Figure B. 10). By
using the adjusted General Brownian motion, we can numerically generate the random time-
series of sea-level rise following sea-level rise projection from UKCP 09. This also enables
us to construct the probability distribution of sea-level rise at any year during the sea-level
rise projection so that we can numerically convolve the probability distribution of sea-level
rise and different types of probability distribution of any other variables (e.g. extreme still

water level).
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In addition, the mean of the General Brownian motion is well-matched with the mean of the

SLR projection during the period of the projection. Thus, this thesis employs adjusted

General Brownian motion approach to describe the long-term change and uncertainty of sea-

level rise.

Figure B.

Probability Distribution Probability Distribution

Probability Distribution
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10 Comparison of the probabilistic ranges of sea-level rise by adjusted General

Brownian motion and UKCP projection in 2100 for all the SLR scenario — Note that there is
no difference in mean between adjusted GBM and UKCP 09
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B. 4. Implication of Brownian motion in uncertainty modelling

The Brownian motion approach provides the time-series of the stochastic variables of sea-
level rise over time. The random value of sea-level rise at a given year is a result of the
random and deterministic motions of Brownian motion. In this regard, the stochastic process
of the Brownian motion defines the probability of variable x being observed at any given time
t. Let us denote @(x,,to;x t) to the probability of variable x being observed at any time t,
which is the same with the probability density function of variable x(t) at time t. Here, Xo is
the value of variable x at time to, which is a start time of the Brownian motion. The
probability density function of variable x at time t following Brownian motion can be defined
by a stochastic differential equation, called Kolmogorov equation (Cox and Miller, 1965;
Karlin and Taylor, 1981) as follow.

2

1 L0 | d o | 13
E b(X, t) ﬁ@(XOItOFXI t)- a(X; t)& @(XOItOIXIt) - a @(XOItOJXlt)

Here, @(xo,to; X, t): the probability density of variable x at time t with value x, at
time t,

a(x, t): any function for the drift part of General Brownian motion

b(x, t): any function for the variance part of General Brownian motion

By solving the equation, we can estimate the probability of the occurrence of variable x(t)
following the General Brownian motion. As seen in the equation (13), it seems to be very
hard to find a probability density function of variable x at time t. For option evaluation, we
also have to define the probability of sea-level rise at any time as flood risk is related to the
probability of coastal events. Furthermore, when the probability of sea-level rise is combined
to the probability of other variables, the estimation of flood risk is, in practice, impossible to

undertake in such a non-stationary state of sea-level rise.

However, due to the advance of computational techniques, we can simulate as many random
processes of variables as they are needed to construct and estimate the properties of the
probability distribution — This is how a Monte-Carlo simulation works in predicting the
probability distribution of unknown variables. Thus, this numerical technique enables us to
find the statistical properties (i.e. mean or standard deviation) of newly generated variables

without solving the stochastic differential equation.
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Appendix C. Change in ESWL by MLSR for different SLR scenarios

This appendix shows the effects of sea-level rise on coastal flooding represented by water
levels quantitatively. As sea-level increases with time, the expectation of extreme water
levels including waves combined with sea-level rise grows at different rates according to
SLR scenarios. The time-series of ESWL+SLR+WAVE and their probabilistic ranges are
plotted for each SLR scenario in the cases of MSLR.
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Figure C. 1 The results of uncertainty modelling of ESWL+MSLR+WAVE for each of the

sea-level rise projections
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Appendix D. Change in ESWL by Brownian SLR for different SLR scenarios

The time-series of ESWL+SLR+WAVE and their probabilistic ranges are plotted for each

SLR scenario in the cases of Brownian SLR in Figure D. 1.
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Figure D. 1 The results of uncertainty modelling of ESWL+Brownian SLR+WAVE
for each of the sea-level rise projections — Note that SLR and wave are plotted on y-axis on
the right.
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The means and standard deviations of ESWL+SLR+WAVE for the selected years are shown
for each SLR scenario in both cases of MSLR and Brownian SLR in Table 4.5.

Table D. 1 Comparisons of mean (u) and standard deviation (c) of random variables
(ESWL+MSLR+WAVE and ESWL+Brownian SLR+WAVE) (Unit: mAOD)

ESWL+MSLR+WAVE ESWL+ Brownian
SLR Year SLR+WAVE Remark
1] o 1] o
Brownian motion
2008 215 011 is not defined for
2020 2.35 0.11 H++SLR
2040 2.71 0.11
H++
2060 3.07 0.10
2080 3.48 0.10
2100 3.94 0.10
2008 2.15 0.12 2.15 0.11
2020 221 0.11 221 0.11
2040 2.31 0.11 2.31 0.12
High
2060 2.43 0.11 2.43 0.13
2080 257 0.11 2.56 0.15
2100 2.72 0.11 2.71 0.18
2008 2.13 0.11 2.14 0.11
2020 2.18 0.11 2.19 0.11
2040 2.27 0.11 2.28 0.12
Medium
2060 2.37 0.11 2.38 0.12
2080 2.49 0.11 250 0.14
2100 2.61 0.11 2.63 0.15
2008 213 0.11 2.13 0.11
2020 2.17 0.12 2.17 0.11
2040 2.24 0.11 2.25 0.12
Low
2060 2.33 0.11 2.33 0.12
2080 2.42 0.11 2.43 0.13
2100 2.53 0.11 253 0.14
2008 2.10 0.11 2.10 0.11 Brownian motion
is based on the
2020 2.12 0.11 2.12 0.11 observed data at
Southampton
i 2040 2.15 0.11 2.15 0.11 gauge
Historical (1.3£0.18mm/yr)
Trend 2060 2.18 0.11 2.18 0.11
2080 2.22 0.11 2.21 0.11
2100 2.25 0.11 2.24 0.11

301






APPENDICES

Appendix E. Investment costs to each stage of multiple stage investment

Since this analysis evaluates a set of adaptation measures within each adaptation pathway, the
investment cost for the upgrade of the coastal defence should be defined for option
evaluations under each sea-level rise scenario. As aforementioned, dividing one single option
into two parts of sequential options needs additional costs in order to maintain flexibility in
the adaptation options. Thus, the increases in cost due to the incorporation of flexibility in
engineering or physical options need to be considered as variables that affect investment
decisions in the real options analysis of future growth options. This thesis assumes that the
overall cost of sequential investments is higher than the cost of the equivalent single
investment made at once. If any additional expenditure does not occur to maintain flexibility,
option holders or options analysts must choose multiple stage investments to address
uncertainty in investment decisions. This is not realistic and possible in practice to the best of
our knowledge. In climate change adaptation, these additional expenditures for flexibility are
attributable to the increased amount of construction work, mobility or additional enabling
costs (e.g. approval). Thus, the increase in the overall cost is defined as a premium to be paid
for future extension or flexibility, which conceptually corresponds to a call or put option
premium (Dixit and Pindyck, 1994; Park, 2002).

This thesis assumes 20%, 30%, 40% and 50% premium scenarios for the analysis of the
option to grow by multiplying an original investment cost (I) by the premium rates. That is,
when a single large investment is divided into two sequential investments, the division

increases the investment cost of each stage as much as the premium as expressed in equation

).
Io + Ipremium = Il,o + IZ,O (1)

Here, I, is an investment cost for an original option, Iy emium IS an option premium to be paid

for flexibility, and I, o, I, , is the first and second stage investment costs, respectively.

The analysis of the costs during the project life involves the identification and scoping-out of
all the relevant cash flows relating to the acquisition and use of assets for building coastal
defences (EA, 2015). The key components of costs considered during the life of coastal
defences are as follows: (1) procurements and design costs; (2) capital construction costs; (3)

operation and maintenance costs; (4) monitoring costs; and (5) replacement and
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decommissioning costs (ibid). As the estimation of a capital cost for construction needs a
site-specific information on defence types, environmental conditions (e.g. water levels and
coast line), working conditions (e.g. accessibility to construction sites) and the availability of
materials, it is difficult to provide an accurate estimate of coastal defence cost in the early
stage of projects (EA, 2015). Environment Agency (EA) in the UK provides the indicative
costs of coastal defence available for very early stage projects or natural level assessments as

shown in Table E.1.

Table E. 1 Indicative costs associated with the cost of coastal defences (EA, 2015)

Options Capital cost Maintenance cost Indicative cost (E/m)

Beach recharge and breakwater | High Medium -

Beach recharge and groynes High Medium -

Rock armour High Low -

;?ap\)s;wseable revetments and High Low 2,000-5,000

Timber revetments Medium Medium 20-500

Rock revetments High Low 1,000-3,000

Groynes Medium Medium 10,000 o 100,000 per
structure

Nearshore breakwaters Medium Low 400-1,000

Acrtificial rock dune protection Medium Low 200-600

Gabion revetments Medium Medium 50-500

Beach nourishment Medium Medium 50-2,000

Shingle recycling/ re-profiling Low Low 10-200

The costs for a single large investment have been taken from the North Solent Shoreline
management (NFCD, 2010). This plan estimated the investment cost for the replacement of
coastal defence (i.e. Impermeable revetments and seawalls) at £ 64.2 million, which includes
a maintenance cost over the life of the project (100 years). The upgrade of coastal defence is
planned to be implemented 30 to 60 years later. To estimate the cost of dike heightening in
each stage, this thesis uses Van dantzig model (1956) which assumes that the cost of defence
heightening (I) has a linear relation with the raised height (H). This model provides a simple
representation of relationship between the cost of dike heightening and the increase in dike
height in equation (2) (Slijkhuis et al., 1997)

[ =1, +[*(H-Hy) (2)

Here, I,,, is mobilisation cost, I' is a unit cost per the meter of dike heightening, and H, H,, is
the raised level and the initial level of the defence crest, respectively. The lowest crest level

of coastal defence is measured at 2.5 mAOD in Lymington. Thus, H, is set to be 2.5 mAOD
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in this model. A mobilisation cost (I,,,) is assumed to be approximately 10% of the total
capital cost, following the EA guidance (EA, 2015). As the capital cost is proportional to
increase in the height of the coastal defence by the model, the capital cost and total cost for

different levels of coastal defence are assessed as shown in Table E. 2.

Table E. 2 Estimate of indicative costs for the coastal defence upgrade by different sizes of

heightening for a single-stage investment option

Upgrade options | Total costs (I) Mobilisation costs Capital cost Remark
(lo) 1'*(H-Hy)
Uessm £64.2 M £5.83 M £58.4 M lo= 10% x
I*(H-Ho)
Ucszom £321M £292M £29.2M
Uclaom £96.3M £8.76 M £87.6 M

This thesis adds premium values for flexibility on the estimated indicative cost of the

upgraded coastal defence (Table E. 2) when the single-stage upgrade is transformed into the

two- or more- stage upgrade. For example, if the coastal defence is upgraded to 3.5 mAOD

level in two stages, this two-stage upgrade incurs premium costs which are calculated by

multiplying the premium rates and the original investment cost (e.g. £ 64.2 M). The estimated

premium cost is evenly distributed to each stage of the investment. This rule applies

thoroughly for the evaluation of the premium cost. The estimated investment costs of each

stage for different premium scenarios are shown for 3.5 mAOD and 4.0 mAQOD level defence
upgrade in Table E. 3and E. 4.

Table E. 3 Indicative costs for the upgrade of coastal defence up to 3.5 mAOD by different

premium scenarios

%
A. Uc—>3.0m U3.0m—>3.5m

. Premium Original . Investment Cost for the Cost for the
Adaptation - . Premium cost
aths scenarios | investment @3)=2)x(1) cost 1st upgrade 2nd upgrade
P (@) cost (2) (4)=(2)+(3) (5)=1/2x(4) (6)=1/2x(4)
Ucsz5m 0% 0 £64.20 M - -
20% £9.63M £77.04 M £38.52M £38.52 M
Ueorsom™ 30% £642M £1445M £ 83.46 M £41.73 M £41.73M
c—>3.0m
Us.om-3.5m 40% £19.26 M £89.88 M £44.94 M £44.94 M
50% £2425M £96.33 M £48.16 M £48.16 M
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Table E. 4 Indicative costs for the upgrade of the coastal defence up to 4.0 mAOD for

different premium scenarios

*
A. UC—>3.Om U3.0m—>4.0m

. Premium Original . Investment Cost for the Cost for the
Adaptation - . Premium cost o q nd d
aths scenarios | investment 3)=2)x(1) cost 1%t upgrade 2" upgrade
P (@) cost (2) (4)=(2)+(3) (5)=1/2x(4) (6)=1/2x(4)
Ucssaom 0% 0 £96.6 M - -
20% £19.38 M £116.28 M £58.14 M £58.14 M
Ueorsom™ 30% £96.3M £29.07M £125.97 M £62.98 M £62.98 M
c—3.0m
Us.om-s.0m 40% £38.76 M £ 135.66 M £67.83 M £67.83 M
50% £48.45M £145.35 M £72.68 M £72.68 M
B. U3.0m—>3.5m*U3.5m—>4.0m
Adaptation Premium Cost for Premium Investment Cost for the Cost for the
paths scenario Us omo4.0m cost cost 1t upgrade 2" ypgrade
1) @ 3)=@)x1) | #=2)*+@) (5)=1/2x(4) | (6)=1/2x(4)
20% £58.14 M £11.63 M £69.77 M £34.89 M £34.89 M
U * 30% £62.98 M £18.90 M £81.87 M £40.94 M £40.94 M
3.0m—-3.5m
Us sm-a.0m 40% £67.83 M £27.13 M £94.96 M £47.48 M £4748 M
50% £72.68 M £ 36.34 M £109.02 M £5451 M £5451 M

* Costs in column (2) comes from the estimated costs of column (6) in the case A (Ucss.0m™*Us.om—s.0m)

* *
C. UC—>3.0m U3.0m—>3.5m U3.5m—>4.0m

Adaptation Premium Investment Premium The cost for the | The cost for the | The cost for the

paths scenario cost cost 1t upgrade 2" upgrade 3 upgrade
) @=@)+(E)+(6) ®3) @’ ON (6~
Ucssom 0% £96.6 M - - -
20% £12791M | £31.31 M £58.14 M £34.89 M £34.89 M
Ucszom™ 30% £14486M | £4826 M £62.98 M £40.94 M £40.94 M
U .0m-3.5 *

Ui ™™ 1 40% | £16279M | £6619M | £67.83M | £4748M | E£47.48M
50% £181.70 M £85.1M £72.68 M £5451 M £5451 M

* Costs in column (4) are taken from costs in column (5) of U3 0m™ Uz.omo4.0m

™ Costs in columns (5) and (6) are taken from columns (5) and (6) in Us gm3.5m*Us smo4.0m. FESPECtively.
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Appendix F. Friction coefficient of floodplains in Lymington

APPENDICES

Table F. 1 Typical n values used in flood risk analysis for the description of surface

roughness (Data source: Wadey (2013))

Model Class description Friction values
(Manning’s n)
50 m resolution model Composite value for Solent floodplains 0.035
Asphalt and concrete 0.012
Grass (gardens, recreational areas, parks etc) 0.035
10 m resolution model Thick grass / marshland vegetation 0.040
Water bodies 0.010
Buildings 1.000

Surface of floodplain

B Water(n=0.010)
B Roads(n=0.012)
|| Lands(n=0.035)

0 05 1 2 Miles B suiings(n=1)

Figure F. 1 n values for floodplain surface in Lymington by 10x10m grid cells

307







APPENDICES

Appendix G. Results of flood simulations at various loading conditions

Figure G.1 illustrates the example of a set of flood maps produced from flood simulations at
various flood loadings of ESWL+SLR+WAVE under different defence conditions.
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B. 10m resolution data

Current defence condition Upgraded defence condition (3.5 mAOD)

Flood Depth (m)

© Flooded buildings
[10.0087-0.33
N 0.34-0.94
M 095-22

ESWL=2.4 mAOD

ESWL=2.4 mAOD

Penningtor

Flood Depth (m)
[Jo.012-054
Bloss-13
| R

ESWL=2.8 mAOD

ESWL=2.8 mAOD

Pennin

’ Keyhave,
Milford on Sea

Flood Depth (m)
[70.0087 - 0.33
N 0.34-0.94
Mmo095-22

ESWL=3.0 mAOD ESWL=3.0 mAOD

Milford on Sea

311



Currentdefence condition

Flood Depth (m)
[10.019-0.83
BNo084-17
M 18-49

ESWL=3.2 mAOD

Flood Depth (m)
[30024-11
I 1.2-22
M 23-61

ESWL=3.6 mAOD

0 075 15 3 Km
| S T N T T |

Flood Depth (m)
[30.026- 1.1
mi12-24
MmN25-65

ESWL=4.0 mAOD

Figure G. 1 Results of flood simulations at various flood loadings of ESWL for the current

Upgraded defence condition (3.5mAOD)
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defence condition and the upgraded defence condition (3.5 mMAOD) in 50m and 10m

resolution data.
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Figure G. 2 shows the result of flood simulations at various flood loading for the upgraded
coastal defence up to 3.0 mMAOD in 50m and 10m resolution LADAR data, respectively.

A. 50m resolution data
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B. 10m resolution data
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Figure G. 2 Result of flood simulations at various flood loadings for the upgraded coastal
defence up to 3.0 mMAOD in 10m and 50m resolution data
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Table G. 1 and Figure G. 3 show flood damages (i.e. the number of flooded properties) across
flood loadings (i.e. ESWL+SLR+WAVE) for each defence condition.

Table G. 1 The number of inundated properties by water levels according to defence conditions

Water levels The current 3.0mAOQOD upgraded | 3.5mAOD upgraded | 4mAOD upgraded
(mAQOD) defence defence defence defence
1.2 0 0 0 0
1.4 0 0 0 0
1.6 0 0 0 0
1.8 4 0 0 0
2 20 9 9 9
2.2 130 22 22 22
2.4 179 22 22 22
2.6 216 24 24 24
2.8 304 24 24 24
3 416 35 35 35
3.2 508 208 38 38
3.4 631 429 41 41
3.6 715 661 128 44
3.8 797 759 399 73
4 846 846 701 79

The number of properties innudated

1000 ~

800

600

400

200 +

—=— 4.0M upgraded defence
—e— 3.5M upgraded defence
—A— 3.0M upgraded defence
—w— Current defence

1.0

T y T
2.0 25

T : :
3.0 3.5 4.0

ESWL (mAOD)

Figure G. 3 The number of properties inundated by peak water levels (or extreme still water

levels) according to each defence condition in Lymington
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Appendix H. Flood damages (£) — Extreme Still Water Levels

The flood damages are interpolated within all the range of peak water levels by fitting
multiple linear lines to the damage curves. The multi-linear interpolations allow us to express
each damage curve as a function of peak water levels at high accuracy (R? = 0.99). Thus, the
flood damage for each defence condition is represented as a function of peak water levels (i.e.
ESWL+SLR+WAVE) as shown in equation (1).

Dd = fd(X) (l)

Here, D4 is a flood damage at a certain magnitude of peak water level under a given defence
condition, subscribed by d (e.g. the current defence, 3.5m upgrade defence, etc.), f is any
function defining a relation between peak water levels and flood damages, and x is a climatic
variable of extreme still water level, sea-level rise and wave (i.e. ESWL+SLR+WAVE). As
all the components of a peak water level are random variables, the flood damage represented
by equation (1) is also random variable. The multiple linear function is used to convert the
probability distribution of ESWL+SLR+ WAVE to the probability distribution of flood

damage at any year by Monte-Carlo simulation.
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B Flood Damages under the 3.0m-upgraded flood defence
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B Flood Damages under the 4m-upgraded flood defence
- - -y =748,406 x - 1,374,412 (R* = 0.99) (1.8 - 3.6 mAOD)

35.0M ~ - - -y=2,063,886 x - 6,056, 420 (R* = 0.99) (3.6 - 4.0 mMAOD)
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(d) Upgraded coastal defence up to 4.0 mAOD

Figure H. 1 Linear fitting to each of the damage curves (y = f(x), where x is a peak water

level as a loading condition)
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Appendix I. Change in EAD for MSLR and Brownian SLR

This appendix shows changes in flood damages by MSLR and the Brownian motion of SLR,

respectively. Both results are shown in Table I. 1 and Figures I. 1 and I. 2.

Table I. 1 Changes in mean () and standard deviation () of flood damages (Unit: Million £)

for the current defence condition by MSLR and Brownian SLR, respectively — The mean of

flood damages implies expected annual damages (EAD) under the current defence condition.

By MSLR By Brownian SLR
SLR Year W(EAD) 5 1(EAD) . Remark
Brownian motion
2008 1.7 1.0 is not defined for
2020 35 1.0 H++ SLR
scenario
2040 6.7 15
H++
2060 12.3 1.6
2080 18.8 1.6
2100 26.3 1.6
2008 17 1.0 17 0.9
2020 2.2 1.0 2.2 1.0
2040 3.1 1.0 3.1 11
High
2060 4.1 1.1 4.1 1.3
2080 5.3 1.2 5.3 1.6
2100 6.8 16 6.9 2.2
2008 1.6 1.0 1.6 1.0
2020 2. 1.0 2.1 1.0
2040 2.8 1.0 2.8 1.0
Medium
2060 3.6 1.0 3.7 1.2
2080 4.6 1.1 4.8 14
2100 5.8 1.3 6.0 1.8
2008 15 1.0 15 0.9
2020 1.9 1.0 1.9 1.0
2040 25 1.0 25 1.0
Low
2060 3.2 1.0 3.3 11
2080 4.1 1.1 4.1 1.2
2100 5.0 1.2 5.0 14
2008 13 0.9 13 0.9 Brownian motion
’ : ’ ’ is based on the
2020 15 1.0 15 1.0 observed data at
: i : "~ | Southampton
it 2040 1.7 1.0 1.7 1.0 | auge
Historical (1.3£0.18mm/yr)
Trend 2060 2.0 1.0 2.0 1.0
2080 2.3 1.0 2.2 1.0
2100 25 1.0 25 1.0
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Damage
Low MSLR e Mean
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20M —w— 95th percentile
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:
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Figure I. 1 Temporal changes in flood damages under the current flood defence by different

MSLR scenarios — Note that the time-series of flood damages are annual maxima
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Historical Trend —— Damage
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Figure I. 2 Temporal changes in flood damages under the current flood defence by different

Brownian SLR scenarios — Note that the time-series of flood damages are annual maxima
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Appendix J. Change in expected annual benefit (EAB) across sea-level rise
for adaptation measures
Sea-level rise leads to increase in expected annual flood damages (EAD). This thesis has

estimated EADs across the possible range of sea-level rise for the current defence condition

and the upgraded defence conditions, respectively, as shown in Figure J. 1.

Current Defence
— — -3.0mAOD defence
— — -3.5mAOD defence

30.0M o — — -4.0mAOD defence

25.0M +

20.0M +

15.0M +

EAD (£)

10.0M +

5.0M

0.0+

Figure J. 1 Changes in expected annual damage (£) across sea-level rise by different coastal
defence conditions in Lymington — The expected flood damages are estimated by flood

simulations with various sea-level rise for different defence conditions

As seen in Figure J. 1, the expected flood damages can be reduced by upgrading the coastal
defence. As a reduction in expected annual damage (EAD) is expected annual benefit (EAB)
due to the upgrade of the coastal defence, EAB at a given year depends on sea-level rise at
the corresponding year and the upgrade of the coastal defence. For each of the adaptation
measures, change in EAB is plotted across sea-level rise as shown in Figure J. 2. Note that
EAB is the performance of the upgraded coastal defence versus the previous coastal defence
against sea-level rise and coastal flooding. Therefore, the relations between EAB and SLR for
U3 om-35m: U3 omos.0m and Us sm—40m are made by estimating the performance of the

upgraded defence condition versus the previous stage of defence condition.
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Figure J. 2 Changes in EAB (£) across sea-level rise for each of the adaptation measures — For
denotation, an adaptation measure of raising the coastal defence from an initial level (i) to an

upgraded level (j) is denoted by Ui
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Appendix K. Change in EAB for MSLR under different SLR scenarios

This appendix shows temporal changes in the means and variances of the benefits for all the
years during 21% century. In order to reduce the amount of work, the means and probabilistic
ranges of the benefit values have been estimated for 2008 and every 20 years from 2020 to
2100 under each SLR scenario by @Risk programme. The random time-series of benefit
values for an adaptation measure (U._3 5m), @S an example, have been generated with their
own probabilistic ranges during the period of sea-level rise as shown in Figure K. 1.
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1
2120

Figure K. 1 Time-series of benefit values due to the upgrade of coastal defences (i.e. Uc3.5m)
with mean and its probabilistic ranges (the 5" and 95" percentiles) under each of the SLR

scenarios

Temporal changes in EAB can be also estimated over time according to MSLR scenarios by
using the relations between EAB and sea-level rise. The temporal changes in EAB have been
made by correlating EAB curves (Figure J. 2) to MSLR projections. As the rates of sea-level
rise differ according to MSLR scenarios, the patterns and rates of change in the EAB differ
depending on MSLR scenarios. For example, in the H++ SLR scenario, EAB is the fastest-
growing but declining after a certain amount of sea-level rise. This study considers five SLR
scenarios and six adaptation measures or paths so that we can make 30 different cases of
changes in EAB over time as the responses of each adaptation measure to sea-level rise over
time (Figure K. 2). For each adaptation path, temporal changes in EAB are drawn by different
SLR scenarios as below.
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Figure K. 2 Changes in EAB over time for each of the adaptation measures under each sea-

level rise scenario for Lymington.
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Appendix L. NPV distribution of an adaptation option at different investment times

For sensitivity purposes, the probabilistic ranges of option values have been constructed in
cases where the investment is made now (2016), at the optimal investment time, and in the
distant future (e.g. 2060) for each of MSLR scenarios. For the calculations, we have
substituted the variable of EAB; in the equation of termination value by the stochastic variable
of Bi, which is obtained from the random variable of ESWL+ MSLR+WAVE by the relation
between the benefits and the climatic variables for the upgrade of the coastal defence to
3.5mAOD level.
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Figure L. 1 NPV distributions at optimal investment time (OIT) and different investment years
(i.e. 2016 and 2060) under 10,000 random time-series of ESWL+SLR+WAVE in each of the

SLR scenarios. Note the different x and y axis scales
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Appendix M. Optimisation of investment time and its option value by formulation

M. 1. Introduction

This appendix is aimed to elucidate the relation between the critical threshold value (i.e. sea-
level rise) and the optimal investment time as investigated in section 5.2.4. The real option
value grows to a maximum when the option is deferred until the optimal investment time.
Though all the optimal investment times differ depending on SLR scenarios and future
growth rate scenarios, sea-level rise observed at the different optimal investment times are

similar to each other for all the SLR scenarios.

To understand the relation between the maximum option value and the optimal investment
time, this appendix derives a formula for the optimal investment time. This formula provides
an alternative method to find the optimal investment time of a deferrable adaptation option.
In addition, this derivation shows the uniqueness of the critical threshold value for an
adaptation option even under the uncertainty of sea-level rise. Thus, this appendix is aimed to
support the findings and observations in the option-to-wait case.

Some studies are found, which have sought to formulise the optimal investment time in
respect to uncertain variables (Jorgenson, 1963; McDonald and Siegal, 1982). The previous
formulations were derived by solving a stochastic differential equation for a deferrable
investment option. The ‘McDonald and Siegal model’ and ‘Jorgenson model’ defines
investment rules to ensure the option value of a deferrable investment option becomes
maximum with regard to uncertain annual profits or project values. However, both models
are only applicable to ideal cases where uncertain stochastic variables (e.g. the price of stocks
or commodities) have simple and mathematical relations with option values (i.e. the net
present value (NPV;) of the investment at year i in this thesis). In climate change adaptation,
it seems hard to correlate climatic variables (i.e. sea-level rise) with option values (NPV;) by

both models.

Apart from the previous models, this appendix demonstrates that climatic variables at the
optimal investment times (or years) are similar to each other. As reviewed in section 5.4.4,
this critical threshold value helps identify the optimal investment time of a deferrable option.
Thus, a key to making an optimal investment in adaptation decision is to observe whether the
relevant climatic variable reaches the critical threshold value. In this context, this appendix
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focuses on the derivation of a formula for optimal investment time in a case where sea level

continuously rises.

This appendix is structured as follows. Firstly, we review the previous models for optimal
investment time and, then, the next section derives formulation for optimal investment time
in the deterministic case of sea-level rise - The formula will be also derived in the stochastic

case of sea-level rise later in Appendix R.

M. 2. The previous models for optimal investment time
1) McDonald and Siegel Model

This model assumes a project value V, which is the sum of total profits during the life of a

project (L), follows Geometric Brownian motion as below.

dV = aVdt + oVdz (1)

Here, V is a project value, « is a drift parameter for the deterministic motion of the project
value, o is a variance parameter for the random motion of the project value and dz is a
Weiner process. If the investment cost of the project is I, this model defines an option value

(F), which is the net of the overall profits minus the cost as below.

F(V) = E[ (Vp-De™] )

Here, E denotes the statistical expectation of option values (F), Vr is the project value for the
investment made at time T, T is any time in the future, r is discount rate per unit time. In this
model, the optimal investment time is when the option value F(V) becomes a maximum in
equation (2). McDonald and Siegal (1982) modelled the optimal investment time in a

deterministic case and a stochastic case, respectively.
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A. Deterministic case (no certainty: ¢=0)
In a deterministic case (¢ = 0 in equation (1)), the project value at time T is written as below.

V(T) = V,e®T, where V, = V(0) (3)

Therefore, the option value at any time T is written by equation (4)
F(V) = (Ve®T-De™T (4)

To maximize F(V) in equation (5) with respect to T, the first derivative of F(V) with respect

to T should be zero.

dF(V
% = -(r-a)Ve TOT 4 r[e™T = 0
. T =1 [ 1 (T" > 0)
T %% v = Q)

If T" is set to be zero, which means the investment now, the project value V" to satisfy this

condition is

V=g (6)

Therefore, if V. > V", one should invest in the project immediately. This formulation clearly
shows a relation between the critical project value (V*) and the discount rate (r), or the

investment cost (1).

B. Stochastic case (6 >0)

In a stochastic case, the derivation of a formulation for a maximum option value is more
complicated than in a deterministic case. In this case, the investment timing can be found by
solving a stochastic differential equation in equation (7). This stochastic equation can be
derived by Ito’s Lemma and Geometric Brownian motion as reviewed in section 2.4 (Dixit

and Pindyck, 1994).
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7 TR (7)

Here, F(V) is an option value, which is the project value (V) minus the investment cost (1) in
equation (2), o is a drift parameter of the project value (V), o is a variance parameter of the

project value (V) and r is constant discount rate.

To maximize F(V) with respect to V, F(V) meets the following boundary conditions for

critical value V*

F(0)=0 (8)
F(V*) = V' (9)
F(v)=1 (10)

For solving the stochastic differential equation (7) subject to the boundary conditions in
equations (8), (9) and (10), this model has assumed that F(V) has the form of

F(V) = A*VEB (12)

Here, A and 3 are constants that are determined by the boundary conditions. The critical
value V" at which F (V) (= F(V) = E[ (Vp-De™T] ) is maximized can be obtained as below

*

V = %I (12)

Constant A is obtained by equation (11) and (12) and boundary condition (9)

)P (13)
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By inserting equation (11) into equation (7) and rearranging, this model can have a relation

for B that satisfies the equation (7).

1
50°B(B-1D) + o*Br =0 (14)

Therefore, B is a root of the quadratic equation (14)

1 « a 11° 2r
Br=n-—+t ||| += >0 (15)

2 o2 0% 2 o

By the equations (12) - (15), this model can find the critical value V" at which the investment
is optimal. The investment rule for any time can be obtained by comparing the critical value
V" with project value V at time. Therefore, the investment rule or optimal investment time is a

condition satisficing to an equation as below.

v>v*=8%1 (16)

Therefore, according to equation (16), the cost-benefit analysis rule (V-1 > 0) is not correct
in the case where an option can be deferred to the future. (Dixit and Pindyck, 1994). To
maximize an investment opportunity by waiting or deferring, a project value (V) should be
higher than B/(B-1) x 1

If 6 > oo in equation (15), B = 1 and V" — oo in equation (16). This implies that we have to
wait until the project value (V) goes to infinity (o). This leads to no investment. However, if

there is no uncertainty, that is, a deterministic case (¢ = 0),

B=T/qand V" = % I (a>0) (17)

B= o andV = 1 (x <0) (18)

McDonald and Siegal model provides a method of estimating a critical project value (V") for
the deterministic and stochastic cases of uncertain variable, respectively. If the project value
(V) is above the critical value(V"), this model suggests that the investment should be

implemented at that time. Otherwise, it indicates that the investment should be deferred until
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the project value (V) reaches the critical threshold value (V*). This model demonstrates how

to find the optimal investment time by the critical project value (V°).

However, one of the problems in application of this model to climate change adaptation is
how to estimate the project value (V) in practice. It is because the project value (V) is the sum
of future profits or benefits during the life of a project. As the uncertainty of sea-level rise is
large and the project life (L) of climate change adaptation is many decades or longer, the
estimated project value (V) for climate change adaptation will include a large uncertainty in
itself. Thus, this model does not seem to be appropriate for finding optimal investment time

in climate change adaptation.

2) Jorgenson model

The Jorgenson model provides a method to find a critical profit value (") at which any
investment produces the largest overall profit during the life of a project. This model assumes
that a project is a factory that infinitely produces a profit flow (). Here, this model assumes
that the profit flow (m,) is a stochastic process following Geometric Brownian motion as
shown in equation (19).

dm; = amdt + om,dz (29)

Here, m, is a profit flow at any time t, a is a drift parameter representing the deterministic
motion of the profit flow, o is a variance parameter for the random motion of the profit flow,
dz is a Weiner process. By using the statistical expectation of the profit flow, the value (V) of
the project implemented at time t can be represented in an integral form in equation (20).

Tt

_ -r(s-t) - -
V, = E[Jt e ds] = o (20)

Here, E denotes statistical expectation, g is a profit at year s after investment at year t. By
substituting equation (20) for V; in equation (16) from Siegal and McDonald model, a

critical profit . can be obtained in equation (21)
._ B
T[t > T[t = m (F-O()I (21)
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By rearranging the equation (12) for % (r-a) , we have

1
o () = (45 o) 2

Thus, the critical profit ,” can be written as

1
* _ 2
" —(r+§081>1>r1 (23)

Here, rl is called the Jorgensonian user cost of capital (Jorgenson, 1963). This indicates that a

project with investment cost I should be made when an annual profit at any year exceeds

(r + % o2 31) I. In a special case where there is no uncertainty, the Jorgenson investment rule
also shows that the option holders need to wait until m, = rl. However, if there is uncertainty
(o # 0), the option holders should wait longer due to an additional term % o2 B, than with no

uncertainty.

1
me > (r + 5 0281> [ (with uncertainty) (24)

m > rl (with no uncertainty) (25)

The Jorgensen Model provides a critical profit ," to maximise the option value (F(V)) under
the uncertainty of future profits. Although the investment rule is similar to that of the
McDonald and Siegal model (1983), the Jorgenson model (1963) seems more suitable to
tackling climate change adaptation. This model uses an annual profit (m;) to determine the
implementation time of any investment. Thus, there is no need to evaluate the project value
(V,) during the life of the project. As this thesis evaluates the option value of a deferrable
option with expected annual benefit (EAB), the Jorgenson model provides more meaningful
implications for this thesis than McDonald and Siegal model. However, the Jorgenson model
has been developed upon the assumption that the future profits (m;) are produced infinitely.
Therefore, some limitations still exist in the application of the Jorgenson model for climate

change adaptation.
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M. 3. Derivation of formulas for optimal investment time

This part demonstrates a relation between optimal investment time and critical threshold
value for an adaptation option. The formulation is firstly derived in the deterministic case
where sea-level rise follows MSLR scenario. The derivation starts to differentiate an equation
of a termination value (Fex,t) With respect to investment time (t). Note that the termination
value (Fex,t) is the option value of a deferrable option when the investment is made at time t.
In the stochastic case of sea-level rise following General Brownian motion, we adopt
dynamic programming for the derivation of the formulation of a critical threshold value for

an adaptation option with investment cost (1).

The termination value from an investment at any given year t can be obtained as shown in

equation (26).

L+t
EAB; I

L A+ @+ (26)

l:“ex,t =

Here, EAB; is the expected annual benefit of a project at any year i after the investment at
year t, r is discount rate, | is investment cost, and L is the life of the project in climate change

adaptation.

In order to differentiate the equation (26) with respect to investment time ¢, this analysis
transforms the formulation into an integral form with respect to investment time (#). Thus, the
investment time (¢) is continuous in this derivation. The time-discrete formula of the
termination value is set to be a continuous form as shown in equation (27). EAB is assumed
to be a continuous function of time (f = EAB(t)) in this analysis. Therefore, the continuous

form of Fgy . at any investment time (¢) can be written as below.

t+L '
Fext = J; EAB(i)*e™di -I*e ™ 27)

+1

Here, r is discount rate per time, EAB(i) is the rate of benefit in currency at any time i, ¢ is
investment time. If F,,, in equation (27) becomes a maximum at any investment time ¢°, the
time ¢ is optimal investment time by definition. The derivative of Fgy ¢ (= d(Fex()/dt) can be

derived by directly differentiating the equation (27) by using Leibniz’s theorem as below.
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ACHL) pAB(t + 1y*errtern D

d
— *A-r(t+L)
— (Fex) = EAB(t + Ly*e ™D x —— —

ydi+ Fr*e™t

%l 5 EAB()
-f a( eri

t+1
EAB(t+ L) EAB(t+1) ot
- er(t+l) or(t+1) + Iree” (28)

As d(FeX‘t) /dt =0 at the optimal investment time (t), this derivation will have equation (29)

for the optimal investment time. As e¥ ~ 1/(1 +r) and e™ ~ 1/(1 + r)*, the equation can

be rewritten as below

EAB(t'+1) EAB(t'+L) I
1+r)  (A+n)t - (29)

As you can see equation (29), the first term on the left side is the expectation of benefit the
first year after the investment and the second term is the expectation of benefit the L year
after the investment. Both values are discounted to the optimal investment year (¢°) by
discount factors 1/(1+r) and 1/(1+r)", respectively. On the left side, the term denotes
investment cost (/) times discount rate (7). Therefore, if the investment cost and discount rate
are known for an adaptation option, the optimal investment time (¢°) satisfies the equation

(29). The first term is EAB for the first year after the investment discounted by 1/(1+r) while
the second term is EAB for the L™ year after the investment discounted by 1/(1+7)".

However, (1+7)" is very large if the project year is 100 years. Thus, the second term becomes
ignorable compared to the first term. The equation (29) can be rewritten by ignoring the
second term on the left-hand side. Thus, we can have equation (30) as below.

EAB(t'+ 1)

ﬁ =rXxI (30)
If the discount rate » and the investment cost / is known, the formulation enables us to
evaluate the critical value of EAB for the optimal investment time. Let EAB. denote the
critical threshold value of EA4B for the optimal investment time (¢’) at which the investment

provides a maximum NPV during the project life. Equation (30) can be written as below.
EAB, = (1+r)*rxI (31)
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Equation (31) implies that we can determine the optimal investment time by observing
whether EAB reaches the critical threshold value (EAB.). As EAB is projected over time in
relation to SLR scenarios, this formulation enables us to find when the optimal investment
time occurs by matching £4B. with the projected EAB in climate change scenario. This
equation also suggests that the optimal investment time (¢”) can be determined independently

of climate change scenarios, if we can ignore the second term (= EAB(t'+ L)/(1 + n)b).

This finding is identified in the case study of Lymington where the upgrade of coastal
defence is planned with the investment cost of £ 64.2 million. Although the Green Book
approach takes different discount rates according to the time periods (3.5% for the first 30
years, 3.0% for the next 45 years and 2.5% afterwards), the values of sea-level rise at the
optimal investment time for all the SLR scenarios are found around 13cm in the analysis
under the non-future growth scenario. This formulation explicitly shows why the critical
threshold value (SLR.) for the optimal investment time are highly dependent on investment
cost (/) and discount rate (7). For the demonstration, E4Bs in the first year and the 100" year
after the investment, the optimal investment time and its sea-level rise for each SLR scenario

are summarized in Table M. 1.

Table M. 1 Comparison of the investment cost (I) times discount rate (r) with the values

from the formulation for each SLR scenario

. EAB(t'+1) EAB(t'+L)
Scenario Investment | Sea-level rise r*l EAB EAB ED RNy (1)-0)
year (t’) atyeart’ (1) (t'+1) (t'+L) (2)
High 2025 13.8cm £2.21M £2.11M £8.79M £1.76 M £0.45 MY
Medium 2029 13.2cm £2.21M £2.07M £7.06M £1.77 M £0.44M
Low 2033 12.6cm £2.21M £2.01M £5.72M £1.75M £0.46 M
H++ 2016 19cm3) £2.21M £2.35M 0 £2.30 M (-) £0.09 m2)

1) In backward induction method, the value (1) and (2) are not exactly matched with each other because the function EAB is
not continuous of time. In addition, the discount rates provided by the Green Book (HM Treasury, UK) are applied differently
depending on the time periods of the project year. If we apply a constant discount rate over the time periods, the value (2) is
exactly matched with the value (1). Nevertheless, this result explicitly shows that the optimal investment time is approximately
when the expectation of EAB at year i+1 reaches the value of | x r.

2) In the H++ scenario, the expectation of benefit value at the end of the project year (2116) is zero because the upgraded
coastal defence cannot protect the floodplains from extreme still water level above 3.5 mAQOD that are highly expected to
occur at 2116. Thus, EAB cannot be defined as a continuous function of time in the H++ SLR scenario.

3) In the H++ scenario, sea-level rise relative to 1990 already exceeded the critical threshold value. Therefore, sea-level rise
at the optimal investment time is much higher in this extreme scenario than any other scenarios.

However, if EAB at the end year of the project life is large in equation (29), the critical
threshold value (EABq.) is also affected by EAB at the end year of the project life - This has
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already been discovered in option evaluations for high growth rate scenarios (Refer to
Section 5.2.5). Therefore, when EAB from the investment is expected to be considerably

high, the formulation shows different patterns regarding the optimal investment time.

Nevertheless, the derived formula explicitly explains why the values of sea-level rise and
EAB at the optimal investment time are similar to each other, respectively, independently of
SLR scenarios. In this regard, this formula has an important implication in finding an optimal
investment time under large uncertainty as it allows us to convert a time-dependent
investment decision to an observation-based investment decision for the optimal investment.
In other words, the identification of the optimal investment time in the real world only
requires the values of expected annual benefit (EAB) in the first year and the end year of the
project-life, which will be updated by further observations on sea-level rise and advanced

technologies in the future.

If we can predict the future value of EAB at year t’ + L based on the accurate projection of
sea-level rise, the equation (29) will allows us to estimate the critical threshold value of EAB,
— As EAB is dependent on the climatic variable of sea-level rise, the critical expected annual
benefit (EAB.) also provides the critical sea-level rise (SLR.) at which the investment option
should be implemented. By rearranging, the equation (29) can have a more general

formulation for the optimal investment time as below.

EAB, < EAB, (wait) (32)
EAB; > EAB. (invest) (33)
EABp(t+ L)

EAB.=(1+1)[rxI+ (34)

(1+n)t
Here, EAB; is the observed EAB at any year ¢ subject to sea-level rise, EAB. is the critical
threshold value of E4AB, EAB,, is the predicted EAB at year t + L, L is the life of a project or

the life of the upgraded coastal defence, I is investment cost, r is discount rate — Note that, if

a project living for L years is invested in at year ¢, the project lasts until the #+L year.

It should be of note that EAB at the end year of the project life is relatively small for all the
SLR scenarios except the H ++ SLR scenario because its value is significantly discounted by

the discount factor of 1/(1 + r)™. In this case, the equation (34) has a simpler form as below.
EAB. = (14 r)[r xI] (35)
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Thus, the climatic variables of sea-level rise (SLR.) or expected annual benefit (E4B.) at the

optimal investment time are similar to each other.

M. 4. Comparisons of the formulations for the optimal investment time

It is demonstrated that the climatic variable of sea-level rise at the optimal investment time
has a unique value; although the optimal investment time differs depending on SLR
scenarios. For the detailed understanding, this section compares the derived formula with

Jorgenson model in Table M. 2.

The Jorgenson model and climate change adaptation model also take similar forms as shown
in Table M. 2. However, Jorgenson model assumes that the annual profits after the
investment are produced in an infinite time while the formula in this thesis takes into account
the expected annual benefits during the life of a project. Thus, the derived formulation is

more appropriate for climate change adaptation than Jorgenson model.

Table M. 2. Comparison between Jorgenson model (1963) and formulation by Kim et al. (2018)

Formula for the optimal
Comparisons Jorgenson model (1963) investment time by Kim et al.
(2018)

Raising the crest of coastal defence
with the project life of L

Investment condition A factory with an infinite life

Profits Annual profit flow () Expected annual benefit (EAB)
Project life (L) oo (Infinity) The life of a project (L)
Uncertainty Annual profit flow () Sea-level rise or EAB

Geometric Brownian motion Adjusted General Brownian motion
Brownian motion dm, = amdt + om.dz dx = a(x, t)dt + _b(X' t)dz .

a: drift parameter a(x, t): any function for drift

o:variance parameter b(x, t): any function for variance

) Finding the investment timing with | Finding the investment timing with
The focus of analysis g g 9 g

the highest option value the highest NPV
Investment rule Invest when 1t = 1 Invest when EAB = EAB, or
> =T SLR = SLR,
No uncertainty (6=0) No uncertainty (6=0)
Y= EAB(i+L)
™ =1l EAB. = (1 +0)(r1 + =750
Formulae Uncertainty (6#0) Uncertainty (cth)
for the optimal = (r+2*62p)1 EAB.. = r] 4 EABG+L)
investment time ( 2 ) ‘ (+0t
Here, r: discount rate Here, r: discount rate
I: investment cost I investment cost
B: constant (See equation 15) L: project life
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Appendix N. Effects of discount rates on optimal investment time

This appendix explores the effect of discount rates on the optimal investment time. The
analysis applies the formulation approach to an ideal case where EAB is assumed to be an
exponential function of time. Thus, the expected annual benefit is defined for this analysis as

below.

EAB = AeBt 1)

Here, A and B are any constant. For the convenience of calculations, the formulation for the
optimal investment time can be presented in exponential forms by using discount factor of
e instead of 1/(1 + r)*

EAB(i + 1)*eT-EAB(i + L)*e™ =rI )

This analysis focuses on validating the derived formulations (2) for a deterministic case of
sea-level rise (i.e. MSLR) with a focus on the effects of discount rates (r) on optimal

investment time (7).

If we substitute the equation (1) for the equation (2), the optimal investment time (i) should

satisfy equation (3). This analysis assumes that the investment cost is constant over time.

AeB(i+1)*e-r_AeB(i+L)*e-rL =1l (3)
By rearranging the equation (3) for the term of the optimal investment time i, the optimal

investment time i is obtained by

. 1 I'Ii
1= Eloge [A (eB_r_e(B_r)L)] (4)

This analysis obtains constants A and B by fitting the exponential function (Eq. (1)) to each
EAB projection based on the corresponding MSLR scenario as shown in Figure N. 1. Among

the MSLR scenarios, this analysis adopts the High MSLR scenario for demonstration.
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24.0M 1 — Medium (A=6.1110" B=1.08*10?)
22.0M —— Low (A=2.32*10° B=1.01*107)

4 . . — — -3
20.0M - Historic Trend (A=18.008 B=5.56*10")
18.0M 7] \ H++ SLR is non-definable
16.0M 4 by an exponetial function

o ] \
=  14.0M
2 4
5 120M+
10.0M
8.0M
6.0M
4.0M
2.0M

0.0

Figure N. 1 Fitted exponential curves of EAB for each MSLR scenario from 2008 to 2200
(EAB = A X € t in year)

As in the case of Lymington, the investment cost (/) is set to be £ 64.2 million and the life of
the project is 100 years. Thus, by subbing the investment cost and the constants A and B into
the equation (4), we can have a relation between optimal investment time (i) and discount rate

(r) for the High SLR scenario in equation (5).

1 rl
= 0.01178 loge [0_000101 (e0.01178-r_e(0.01178-r)100)] (5)

i

This analysis has derived a curve of optimal investment time across the range of discount rate
by equation (5). The optimal investment times by different discount rates (i.e. 0.5%, 2.5%,
3%, 3.5% and 4.5%) are dotted along the concave curve, which have been obtained by
dynamic programming approaches as shown in Figure N. 2. A set of images in Figure N. 3

show change in optimal investment times by different discount rates.
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—— Formular for optimal investment time|
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Figure N. 2 Change in optimal investment time according to discount rates for the High SLR

scenario by the formulation method (line) and the dynamic programming (square points)
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Figure N. 3 Option values and optimal investment times according to different discount rates

by a backward induction method for the High SLR scenario — Note different y-scales.
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As seen in Figures N. 2 and N. 3, in terms of the optimal investment time, the low discount
rates do not lead to the investment being made immediately. If the discount rate is too low
below a certain level (i.e. 2.25%), the optimal investment time occurs in the far distant future.
As the discount rate is a factor that weighs the present value versus the future value over time
(Mandelson, 2012), such an extremely low discount rate, which means the preference of the
future value over the present value, leads to the optimal investment time occurring in the far-
distant future. For the High SLR scenario, the optimal investment time at a 2.5% discount
rate occurs in the earliest time (i.e. 2021) as shown in Figures N. 2 and N. 3.

Green Book discount rate leads to an early optimal investment time (i.e. 2025) in comparison
to constant discount rates (e.g. 3.5% or 3.0%). The effects of discount rates on the optimal

investment time are shown for other SLR scenarios (Figure N. 4).

Historic trend (1.4mm/year)
Low

2120 —— Medium
_ High

2110

2100 ]
2090 ]
2080 ]
2070 ]
2060 ]
2050 ]

2040

Optimal Investment year

2030

2020

2010 T T T T T T T T T T T T T

Discount rate (%)

Figure N. 4 Optimal investment times according to different discount rates by the formulation

method for each SLR scenario

The curves in Figure N. 4 show relations between the discount rates and the optimal
investment times for all the SLR scenarios. These curves except the H++ SLR scenario have
concave shapes each of which has the lowest point of optimal investment time at a certain
discount rate. As investigated in Section 5.4, it differs depending on SLR scenarios. As the

discount rate increases beyond a certain value, the optimal investment time becomes far
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distant from the present for all the SLR scenario (except the H++ SLR scenario). This pattern
is expectable as the high discount rate implies that the future value is less important than the
present value in option evaluation. Thus, the investment is deferred to the far distant future in
such a high discount rate.

On the contrary, if the discount rate is too low, the optimal investment time becomes later as
the discount rate lowers. In an extremely low discount rate (e.g. 1.5% or 1%), the optimal
investment time occurs in the far distant future as shown in Figure N. 4. This is
counterintuitive to the perspective of a standard cost-benefit analysis. In general, option
evaluations with a low discount rate consider the future value to be more important than the
present value. Thus, the choice of a low discount rate generally triggers an investment option
immediately. However, real option analysis gives different results contrary to a standard cost-
benefit analysis. It is because the investment in the far distant future gives much higher
investment opportunity than in the near future in an extremely low discount rate. Despite that,
it should be noted that the low discount rate exponentially increases the option values of
NPVnow and NPVpt Simultaneously as shown in Figure N. 3. Thus, the optimal investment
timing can be considered as less prior to the option value in such a low discount rate. That is,
in a such low discount rate, the investment decision should be made whether or not NPVnow is
higher than NPVpt.

The optimal investment time in the H ++ SLR scenario shows a different pattern with other
SLR scenarios. In the H++ SLR scenario, the current risk of coastal flooding is very high and
the performance of the upgraded coastal defence may be lower in the long-distant future (i.e.
around 2080) due to the limitations on its capacity under extreme sea-level rise. Thus, most
optimal investment time appears earlier than now (i.e. 2016) even at low discount rates. For a
simple expression, we set the optimal investment times before 2016 to be 2016. This is

shown by dashed line in Figure N. 4.

These curves from the formulation approach provide complementary information that enables
decision-makers to see the effects of discount rates on optimal investment times. However,
this formulation is only applicable to a constant discount rate over time. For time-varying
discount rates such as Green Book discount rates, dynamic programming method or
backward induction method is useful in finding optimal investment time for a deferrable
option. Nevertheless, the formulation approach is useful as it allows us to find optimal

investment time regardless of the uncertainty of SLR scenarios.
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Appendix O. Effects of future growth rates on optimal investment time

The formulation approach can also assess optimal investment times in cases where the socio-
economic status of floodplains change over time. Climate change adaptation that occurs in a
long-term timescale needs to consider socio-economic development scenarios (Stern, 2007,
IPCC, 2014; King et al., 2015). This appendix investigates the effects of socio-economic
changes on optimal investment time by the formulation approach.

Let p denote annual future growth rate. The expected annual benefit (EABy) in any year t will
increase in proportion to an annual growth factor of (1 + p)t*o (Here, to is a base year). EAB
under a future growth rate scenario (p) can be rewritten by multiplying annual growth factor
(14 p)tto with EAB in equation (1). For the convenience of derivation, we use an

exponential function (eP(t%)) for the annual growth factor instead of (1 + p)tto,
EAB, = AeBteP(t-to) 1)

Here, A and B are constants, t is time in year, t, is a base year (=2016) and p is constant
annual future growth rate. By substituting equation (1) for equation (2) in Appendix N, this
derivation can have an equation for optimal investment time under future growth rate (p) in

equation (3).

_ 1 rl

The equation (3) shows a relation between the optimal investment time (i) and the growth
rate of future development (p), or discount rates (r). In the case of the non-growth rate (p =0),
the equation (3) is equal to the equation (3) in Appendix N. To understand the effects of
future growth rates on optimal investment times, we have drawn the curve of optimal
investment time across a range of future growth rate with the discount rate fixed at 3% for the
High SLR scenario (Figure O. 1). The optimal investment time plotted by the formulation
approach is fairly well matched with the results from the dynamic programming of which the

results are drawn from Figure O. 2.
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(dots), respectively.
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Figure O. 2 Option values and optimal investment times by different growth rates for the High
SLR scenario with the discount rate of 3% by the backward induction. Note different y-axis
scales.

As seen in Figures O. 1 and O. 2, the high future growth rate makes the optimal investment
time occur later than the low growth rate. This case has also been observed in the calculation
of real option values by the dynamic programming. Note that the increase in future growth
rate leads to significant increases in termination and continuation values simultaneously.
However, it leads to the delay of the optimal investment time due to the expectation of highly
increasing future values. It is because real options analysis is an approach to evaluate the
investment opportunity of flexible options under uncertainty. Thus, this result implies that,
the higher the future growth rate is, the higher the investment opportunity in the future will
be. Note that, at high growth rates, the investment timing is considered to be a less important
aspect than the investment decision of go or not. This is because the future growth rates

increase the overall option values exponentially.

In the same way as done with the 3% discount rate, the relationships between the optimal
investment times and the future growth rates have been drawn for different discount rates
(e.g. 2.5%, 3%, 3.5% and 4.5%) for each SLR scenario in Figure O. 3.
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Figure O. 3 Optimal investment times according to the different growth rates by different

discount rates in each SLR scenario — Note the different y-axis scales

(1) High to Low SLR scenarios

As seen in Figure O. 3 (a), (b) and (c), when the discount rate is 2.5%, the optimal investment
times for most MSLR scenarios except the H++ SLR scenario show rapidly increasing trends
with future growth rates. If the discount rate is higher than 2.5%, the increasing trend of
optimal investment times with future growth rates diminishes. If the discount rate is higher
than 3.0%, the curve becomes, to some extent, flat over future growth rates. At 3.5% discount
rate, the optimal investment time, thus, becomes less sensitive to future growth rates for
High, Medium and Low MSLR scenarios. If the discount rate becomes higher than 3.5%, the
optimal investment time shows declining trends as future growth rates increase. Thus, the
curves at the high discount rate (4.5%) show different trends from those at the low discount
rate (2.5%). This is because, the effects of future growth rates on optimal investment time are
offset by the effects of discount rates. Therefore, the optimal investment times of adaptation
options are subject to both future growth rates and discount rates.
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(2) Historic Trend SLR scenario

As shown in the Historic Trend SLR scenario (Figure O. 3 (d)) — 1.4 mm/yr, the relation
between the optimal investment times and the future growth rates shows a different pattern
from those observed in the previous MSLR scenarios. Note that this is the mildest scenario so
that the optimal investment time occurs the latest among all the MSLR scenarios. In this
scenario, the optimal investment time occurs in 2083 by 0% future growth rate and Green
Book discount rate. Contrary to the High to Low SLR scenarios, the high future growth rates
make the optimal investment time come early in the Historic Trend SLR scenario for most
discount rates except 2.5% as shown in Figure O. 3 (d). As the high future growth rates
increase EAB in the Historic Trend SLR scenario, the increase in future growth rate brings
forwards the optimal investment time from 2083. However, in the 2.5% discount rate, the
optimal investment time tends to become distant from the present as the future growth rate
increases. This is because, while such a low discount rate decreases all the streams of EAB,

the high future growth rate increases all the streams of EAB over the period of a project life.
(3) H++ SLR scenario

The H++ MSLR scenario shows a completely different trajectory of optimal investment time
from the previous MSLR scenarios as shown in Figure O. 3 (e). This is the most severe and
fastest-growing sea-level rise scenario for Lymington. Thus, as the expected annual benefit
(EAB) has already increased beyond the critical value of EAB_, the investment now gives the
larger option value than any other types of investments made later. In addition, in the most
extreme SLR scenario, the optimal investment time occurs before 2016 across all the discount
rates and the future growth rates. However, since the change in EAB cannot be defined by a
continuous function due to the capacity limit of coastal defence against sea-level rise under
the H++ SLR scenario, we had to estimate the optimal investment times by dynamic

programming in this scenario.
(4) Green Book discount rate

Interestingly, most optimal investment times from the Green Book discount rate occur at the
earliest stage for most of the future growth rates. The trajectories of the optimal investment
times from the Green Book discount rate are flat over or less sensitive to future growth rates
than those from other discount rates. Thus, this characteristics of time-varying discount rates
(i.e. Green Book discount rate) in regard to investment timing need to be noted for real

options analysis.
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Appendix P. Sensitivity test of the optimal investment time on different factors

This appendix shows the result of sensitivity tests on optimal investment times and option

values by different factors

(1) Rates of sea-level rise

Factors Percentage Rates of _ Optimal_
% SLR investment time
-25% 2.5 2042 8.16 12.9
-20% 2.6 2039 9.79 12.9
-10% 3.0 2033 13.40 12.8
-5% 3.1 2031 15.40 12.9
Rgtfé’f 0% 33 2029 17.40 129 Ref
5% 35 2027 19.67 12.8
10% 3.6 2025 21.93 12.7
20% 4.0 2022 26.69 12.6
25% 4.1 2021 29.19 12.8

(2) Investment costs

-25% 48.2 2010 31.41 6.6
~20% 51.4 2014 28.13 7.9
~10% 57.8 2021 2220 102
5% 61.0 2025 19.70 116
'”Viig?e”t 0% 64.2 2029 17.40 12.9 Ref
5% 67.4 2032 15.54 13.9
10% 706 2036 13.82 152
20% 770 2043 10.94 175
250 803 2046 9.75 185

(3) Future growth rates

Percentage Growth _ Optimal_ ROV
(%) Factor(1+p) investment time
-25% 0.9975 2032 10.65 13.86
-20% 0.998 2031 11.92 13.53
-10% 0.999 2030 14.61 13.2
Future -5% 0.9995 2029 16.03 12.87
growth 0% 1 2029 17.49 12.87 Ref
rates 5% 1.0005 2028 19.02 12.54
10% 1.001 2028 20.59 12.54
20% 1.002 2027 23.91 12.21
25% 1.0025 2027 25.66 12.21
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(4) Discount rates

P Ducar L SMTELwow SR raman
-25% 2.63% 2035 23.80 14.9
20% 2.80% 2033 2231 142
“10% 3.15% 2030 19.71 132
5% 3.33% 2030 18.56 132
Dif;’t‘é‘s‘”t 0% 3.50% 2029 17.49 12.9 Ref
5% 3.68% 2028 16.50 125
10% 3.85% 2027 15.56 122
20% 4.20% 2027 13.84 122
25% 4.38% 2026 13.06 11.9

(5) Residual life

Percentage Residual Optimal

(%) life investment time
-25% 75 2042 10.22 17.2
-20% 80 2039 11.71 16.2
-10% 90 2033 14.67 14.2
. -5% 95 2031 16.10 135

Residuel 0% 100 2029 17.40 12.9 Ref

5% 105 2027 18.84 12.2
10% 110 2025 20.12 11.6
20% 120 2022 22.50 10.6
25% 125 2021 23.59 10.2

(6) Period of SLR projection

Percentage Projected Optimal

(%) Periods investment time REES
-25% 2075 2029 17.49 12.9
-20% 2080 2029 17.49 12.9
-10% 2090 2029 17.49 12.9
Period of -5% 2095 2029 17.49 12.9
SLR 0% 2100 2029 17.49 129 Ref
projection 5% 2105 2029 17.49 12.9
10% 2110 2029 17.49 12.9
20% 2120 2029 17.49 12.9
25% 2125 2029 17.49 12.9
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Appendix Q. Optimal investment time in the stochastic case of sea-level rise
by dynamic programming

This appendix provides an illustration of optimal investment time and option value for the
stochastic case of sea-level rise. As done in the case of the deterministic sea-level rise, the
dynamic programming approach has been applied for examples of randomly evolving sea-
level rise. As the evolving patterns of sea-level rise are random, the optimal investment times
and option values (i.e. NPVnow and NPVopt) are also random values. Figure Q. 1. shows the
evolving patterns of sea-level rise and the subsequent changes in option values (i.e.

termination and continuation values) as exemplary cases.
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Figure Q. 1 Examples of (a) the Brownian motion (or mean) of the High SLR scenarios (left)
and (b) option value indicated by continuation and termination values (top right) — Note that

all the Brownian motions of sea-level rise are made from the High SLR scenario.

As seen in Figure Q. 1, the option values and optimal investment times considerably vary
depending on the patterns of sea-level rise over the 21% century. For the case |, sea-level rise
starts from 12 (cm) at 2016 and keep increasing to 50 cm until 2100. In this pattern of sea-
level rise, the optimal investment time occurs around 2023, which is earlier than the optimal
investment time (i.e. 2025) for the High MSLR. However, the values of NPVnow and NPVpt
are smaller than those of the High MSLR scenario. This implies that the higher option value

does not lead to the earlier investment time in the stochastic case of sea-level rise.

For the case 11, sea level slowly increases until 2040 but it starts to increase rapidly after that.
In this pattern of sea-level rise, the termination value (black line in the right image in the case
I1) increases rapidly and it exceeds the continuation value around 2051, which is the optimal
investment time in the case Il. In this pattern of sea-level rise, NPVnow and NPVt are much
lower with their values being £ 9.29 M and £ 17.5 M, respectively, than the values in the

High MSRL. Thus, the investment time occurs at the latest year among the example cases.

In the case 111, sea level increases continuously, however, at lower rate than the rate of the
High MSLR over the whole period of sea-level rise projection. The optimal investment time
occurs in 2035. This pattern of sea-level rise is similar to the Low MSLR scenario rather than
the High MSLR scenario.

These examples show real and practical issues regarding the uncertainty of sea-level rise that
decision-makers may face in adaptation decisions. This uncertainty issue is substantial in
investment decisions because the optimal investment time and option value vary in random
ways as they depend on the pattern of sea-level rise. However, a meaningful finding is that
the optimal investment time has occurred when sea-level rise reaches a critical threshold
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value in most sea-level rise patterns shown in the case I, Il and Il1. In cases of MSLR, this
thesis has already found that the optimal investment time is when sea-level rise reaches

approximately 13 cm.

When we read the values of sea-level rise at each of the optimal investment times under all
the example cases, most values are found around this critical threshold value (= 13cm) as
shown in Figure Q. 2. This implies that, even though sea-level rise in the future randomly
evolves over time, an investment decision based on the observation of the critical threshold
value is likely to provide a maximum option value under given environmental conditions (i.e.

sea-level rise).

1.0 5
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v SLR at optimal time for Case | —— CASE Il
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Figure Q. 2 Sea-level rise at optimal investment time (indicated by triangles) for each of the
cases — the year at which each of the vertical lines intersects x-axis indicates the optimal
investment year for the corresponding sea-level rise patterns. Most values of sea-level rise at

the optimal investment times are found near the critical threshold value (13cm).

As seen in Figure Q. 2, the values of sea-level rise in case Il and case Il (indicated by red
and blue lines) exceed the critical threshold value (i.e. 13cm) before the optimal investment
times, drop below it and exceed again. When we observe termination and continuation values
at the corresponding times in the cases Il and 111 in Figure Q. 2, the termination value almost

reaches the continuation value after sea-level rise exceeds the critical threshold value. This
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implies that the investment at the critical threshold value is likely to provide a maximum

option value under the given sea-level rise.
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Appendix R. Derivation of formula for optimal investment time in the

stochastic cases of climatic variable(s)

This appendix derives the formulation of the optimal investment time for the stochastic case
of sea-level rise. The derivation of a formula for the optimal investment time is conducted by
dynamic programming approach introduced by Bellman (1953). This section considers one
case where sea-level rise follows General Brownian motion as reviewed in Chapter 5.4. As
the rate and magnitude of sea-level rise in the future is uncertain, our decision will be based
on whether sea-level rise (SLR) exceeds a certain critical threshold value (that is, SLR >
SLR.). That is, this derivation assumes that investment to go, or not, at any year t depends on
whether sea-level rise (SLR) exceeds this critical value (SLRc) or not. The option value of the
investment option (i.e. termination or continuation value) at any given year t is random
variable as sea-level rise is stochastic variable(s). To find a maximum option value of a
deferrable option in the stochastic case of sea-level rise, the option evaluation process (or
dynamic approach) compares a continuation and a termination value for each year from the

end year of the SLR projection in a backward way as in equations (1) and (2).

Fext = PVi-1 (SLR; > SLR,) (1)
1
Fcon,t = m X maX{Fex,t+1' l:con,t+1} (SLRt < SLRC) (2)

Here, Fox ¢ and Feop ¢ are a termination and a continuation value at year t, respectively. PV, is a
project value which is the sum of the overall benefits after the investment at year t, I is
investment cost, r is discount rate, SLR; is the stochastic variable of sea-level rise at year t,

SLR. is a critical threshold value at which to trigger the option.

As shown in equations (1) and (2), if the option is deferred at year t, we can expect to have one
of the option values (i.e. a termination or a continuation value) from the next year (= t+1). Thus,
the equation (2) discounts the expected option value at year t+1 by discount factor 1/(1+r). Let
us assume that we can estimate the probability of sea-level rise exceeding the critical threshold
value at any given year t in an analytical or numerical way. Let us denote p; or q; to the
probability of SLR exceeding the critical threshold value (SLR.) or not at year t, respectively.

Therefore, the expected option value (F,) at any given year t is as follow.
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Fe = pt*Fex,t + qt*Fcon,t

= Pc*Fext + q¢* X maX{Fex,t+1' Fcon,t+1} (3)

1+

To obtain the option value F; at year t, equation (3) requires a termination value (Fex ) and a
continuation value (F.,p ¢) With the corresponding probabilities of p, and qy, respectively. As
real options analysis starts calculation from the end year of the time horizon (denoted by year
T), it should determine an option value (Ft) at year T as a boundary value. This derivation
assumes that sea-level rise (SLRt) at year T is higher than the critical threshold value (SLR¢)
and sea level keeps increasing after year T. This assumption also leads to the investment
being implemented at the year T. Otherwise, there will be no need for the investment in year
T. This derivation also assumes that expected annual benefit (EAB) is dependent on sea-level
rise. Thus, the expected annual benefit is a function of sea-level rise (EAB = f (SLR)) in the
same as in the deterministic case. As we assume that SLR is random variable following
General Brownian motion, EAB is also random variable. The boundary condition of the

option value (Fr) at year T can be written as below.
L+T

EAB;
FT = z m-l (SLRT > SLRC) (4)

i=T+1
Here, Fr is the boundary option value at year T, L is the life of the project, EAB; is an
expected annual benefit at year i (subject to sea-level rise at year i) after the investment, r is
discount rate and I is investment cost. As we define the boundary value of Fy at year T, we
can also calculate the option value at year T-1 by substituting the boundary value (Fy) for the

continuation value at year T-1 as shown in equation (5).

Fr1 = pra*Fexr1 + d11*Feonr1 (5)
Here, Ft., is an option value at year T-1, pr.; and qr., are the probabilities of SLRy_; being
greater and SLR_; being less than SLR, respectively, Fey 1.4 is atermination value at year T-1,
and F,,1.1 IS @ continuation value at year T-1. The termination value (Fext,) and
continuation value (F.,n 1.1) IN equation (5) represent option values when the investment is

made and when the investment is deferred at year T-1, respectively. Thus, the termination and

continuation value can be written as below, respectively.
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THL  p
i
Fexr1 = Z A+ DT+t -1 (SLR > SLR,) (6)
i=T
1
Feont1 = m X Fr (SLR < SLR.) @)

As aforementioned, EAB; is a random variable dependent on sea-level rise (SLR). Thus,
Fex 1.1 and Feop 1.1 are all random variables. By substituting equations (6), (7) and (4) for

equation (5), we can have the option value (Fr-1) at the year T-1 as shown in equation (8).

— * *
l:‘T-l = Pr1 Fex,T-l + dr-1 Fcon,T-l
_ * (vT+L-1_ EAB; ) x _1 ( L+T _EAB; )
— i — - i maia - - X 3 — T
PT-1 ( i=T (1+r)iT+1 [ + qT-1 (1+1) i=T+1 (1+0)iT I

EAB; EABr, EABr,  EABry. )
1+r) (A+n2 @@A+r)3" @A+t

= pr1*(

1 N EABry; EABry; + EABrip1 | EABry )
1+r) “(1+r) (1+1)? 1+t 1+t

+qr..*

Since p.; + qw.1= 1, we can rearrange the above equation for the term of p..; + q.1-

. EABr N )[EABT+1 EABr,,  EABr,., EABr,L
T Prr gy TP AT [ e T s T T A O (L4 D
o # CABT4L [ 4 N + *
PT-1 (1 + 1)k PT-1 PT-1 1+71) (pr1 +4r-1) (1+0
EABT EABT+L r 1
= pry* ] ] «| + *F
P |0y "+t +0 1+ T (8)

The equation (8) represents the option value at year T-1, derived by Bellman’s dynamic
programming. This equation has important implications for option evaluations. Firstly, this
equation has been rearranged in terms of pt.; and Fr. Thus, the option value at year T-1 is
affected by the probability (pr.,) of sea-level rise (SLR) exceeding the critical threshold value
(SLR¢) at year T-1 and the expectation of the option value in the next year T. Here, pr.; can
be estimated upon the statistical analysis of sea-level rise or experts’ judgement about the
future sea-level rise. In this regard, the probability (pr.,) is also uncertain in the current

perspectives. However, our knowledge to the probability (pr.,) will become more certain in
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year T-1 because we will know whether the sea-level rise (SLR) exceeds the critical threshold
value (SLR() at the year T-1 by observation. Thus, this probability should be either 1 or 0

when option holders arrive at the year T-1.

Secondly, Ft is a boundary value estimated upon the assumption that sea-level rise (SLR)
exceeds the critical threshold value of sea-level rise (SLR.) at year T. This fact gives another
implication for the real options evaluation. If the investment is not made at year T - SLR is
less than SLR_, this also means that the investment should not be made in the preceding year
T-1. In a common sense, it is unrealistic that option holders invest in an option in any given
year (T-1) and, then, they withdraw it in the next year (T). This case violates the
irreversibility of the investment in the principle of real options. Therefore, the equation (8) is
valid only when there is a belief or confidence that sea level rise (SLR) exceeds the critical
threshold value (SLR.) in the boundary year T. If not, the equation should set the probability
of pr.; to be zero, thus, leading to the option value at year T-1 becoming 1/((1 +r) ) X Fr.

In the same way, we can have the option value at year T-2.

Frp, = pT—Z*Fex,T—Z + qT—Z*Fcon,T—Z
EAB-. EABr, ;. r 1
= byt T-1 T+L-1 *1| & *Fry )
(1+r) A1+t (1+7r) (1+r)

We can extend this equation to a more general case for evaluation of a deferrable option
including two choices of implementation or deferral at any given year t. Thus, for any given

year t, the option value F; is

Fy = pt*Fex,t + qt*Fcon,t
EAB.,; EAB. r 1
— * - - *] *F
Pe [(1 D Aror @+p 1T aen (10)
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The equation can be rewritten for two cases of SLR exceeding SLRc or not, respectively.

Foe = |oBus _EABu. L P S (SLR > SLR,,p; = 1)
xt T 14D A+ (1+1) (1+r) oPe= (11)
1
Feont = m*Ft+1 (SLR < SLR,p; = 0) (12)

The equations (11) and (12) represent the termination and continuation value at year t for an
investment option with an ability to defer. Note that the variables of sea-level rise (SLR) and
expected annual benefit (EAB) are random values. Thus, the option value (F,) at year t is also
random variable. The randomness of the option value has already been observed in the
chapter 5.4. As the investment should be made when SLR is higher than SLR., we can set

equal the equations (11) and (12). In addition, as the optimal investment time is when a
termination value (F.y) starts to exceed a continuation value (Fcony), let Fey ¢ equal to F,, , at
year t. In this case, we should invest in the option, following the investment rule (i.e. Foy ¢ >

Fcon,t) by Bellman’s equation. Therefore, when the option is closed, we can have

Fext = Feont for any investment time t (13)

By substituting Fex ¢ and F.qp, ¢ for equation (13), we can derive a formulation of an optimal
investment time for the random variable of sea-level rise. Note that the investment should be
made by the investment rule when Fey = Fion¢ OF SLR > SLR,

EAB
“L _ 1 when SLR = SLR, (14)

EABt44 A+

This is a formulation for the optimal investment time of a deferrable option with investment
cost of I and discount rate r for the stochastic variable of sea-level rise. This formulation

enables us to make an investment decision on timing.

As the expected annual benefit is a function of sea-level rise (EAB = f(SLR)), SLR. can be
calculated by a critical value of EAB,. estimated by the equation (14), if other variables (i.e.

investment cost and discount rates) are known and fixed. However, EAB,,;, is a random
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variable subject to sea-level rise at year t + L. Therefore, SLR. also varies depending on a
random value of EAB,, .. However, if the life of a project is long enough to make the second
term go to zero, EAB,,; is only dependant on the investment cost and discount rate

(EAB,,, = rl) that are known variables over the time period of the project life. Thus, the
critical threshold value (SLR.) can be estimated by equation (14). This formulation based on
real options approach or dynamic programming has an important implication for resolving
uncertainty in climate change adaptation as this has been derived from the stochastic case of

sea-level rise.

In this context, the critical threshold value of SLR. or EAB. is a unique value for a deferrable
option, which is less sensitive to SLR scenarios than optimal investment times and option
values which vary significantly according to sea-level rise scenarios. This formulation for the
stochastic case of sea-level rise has a similar form to that for the deterministic case of sea-
level rise. However, for the deterministic case, the first term on the left side is discounted by
a discounting factor 1/(1+r). As the discount rate (r) is small, the difference between
deterministic and stochastic equations are considered small. However, although we take
different approaches to derive both formulations for optimal investment time, the derived

formulations lead to the same result.

EABy1  EABy.

) NeETr =rxI (Deterministic case) (15)
EABy, |
EAB;, m =rxI (Stochastic case) (16)
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Appendix S. Quantitative comparisons of adaptation paths by different

premium values in economy efficiency

This appendix shows changes in the option value of the adaptation paths across premium

values in each SLR scenario. This comparison shows the priority or ranking of the possible

adaptation paths in economy efficiency.
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