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Flood risk management (FRM) in coastal cities is a challenging task due to uncertain climate hazards under sea-
level rise (SLR) and large-scale vulnerable buildings within in the floodplain. This study presents a building-level
adaptation framework to evaluate alternative community adaptation strategies relying on cloud computing. We
incorporated multiple sources of model uncertainties and randomly generated storm surges in each year of
simulation using the extreme value distribution (GEV) theory. Based on a case study in Miami-Dade County,
Florida, four adaptation scenarios were designed to evaluate their effectiveness in adaptation. Our sensitivity
analysis suggested a positive linear relationship between community flood risk reduction and total community
adaptation costs in the life-cycle cost-benefit (LCCB) model. Our results showed that uncertainties of the total
community damage based on the LCCB model ranges from $221 million to $2.75 billion. However, when
considering social vulnerability, the total community damage increased substantially, ranging from $244 million
to $3.44 billion. Nevertheless, a 6ft public seawall based on the upper bound of the GEV distribution with the
enforced building elevation policy in flood zones could substantially reduce community flood damage under

uncertain sea-level rises.

1. Introduction

Over the past decades, flood related hazards are among the most
expensive natural disasters which caused loss of life, damage of build-
ings, and deterioration of the urban ecosystems. Given the compund
effects of increasingly vulnerable human habitats and climate change,
threats of flooding could be exacerbated. For example, building damages
from hurricane Sandy (2012) and hurricane Harvey (2018) were both
over billions of dollars (NCEI, 2021). The effects of sea-level rise (SLR) in
coastal areas could further decrease the freeboard between the mini-
mum building elevations in flood prone areas maintained by Federal
Emergency Management (FEMA) and high water levels from king tides
and storm surges, and thus increase the impacts of extreme weather
events (Rahmstorf et al., 2007).

Given to high uncertainties of SLR, two approaches, a top-down
approach and a bottom-up approach, are commonly used for risk
assessment of buildings and infrastructures (Yang & Frangopol, 2020).
The top-down approach relies on one or more climate and socioeco-
nomic factors to assess community and infrastructure risk at local scales.
For example, Martinez-Grana et al. (2018) qualitatively evaluated local

flood vulnerability due to SLR in Spain using geospatial techniques and a
flood vulnerability index derived from multiple geophysical factors.
Lyu, Zhou, Shen, and Zhou (2020) assessed inundation risk of the metro
system in Shenzhen of China using an analytic hierarchy process
method. Although the top-down risk assessment approach could identify
risk and vulnerabilities from climate change, the method is not suitable
for risk-based adaptation decision-making owning to large uncertainties
of identified risk. By contrast, a bottom-up approach could examine the
sensitivity of life-cycle risk of individual buildings or infrastructures to
different climate-related parameters in adaptation planning. Therefore,
a bottom-up approach with life-cycle risk management is particularly
useful for risk-informed adaptation planning and to improve risk
communication between the private and public sectors (Han &
Mozumder, 2021).

Although many studies have been proposed in attempts to mitigate
risk of buildings to climate disasters (W. Chen & Zhang, 2021; Y. Dong &
Frangopol, 2017; Torabi, Dedekorkut-Howes, & Howes, 2018), due to
high computational burden, few studies have been conducted to deal
with large-scale building-level adaptation under uncertain climate di-
sasters. Therefore, to improve public awareness of flood risk and
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adaptation benefits, this paper presents a risk-based framework that
utilizes cloud computing to examine flood exposure and vulnerability of
large-scale buildings in cities and evaluates their adaptation benefits.
Based on a case study in Miami-Dade County, Florida, flood damages of
buildings are evaluated through stochastic storm surges under SLR
projections. Our implemented simulation model could evaluate flood
risk of large-scale buildings under SLR and improve risk communica-
tions in adaptation planning by incorporating climate and adaptation
cost information from different sources. In the following section, we first
presented a literature review, and then the methods to estimate building
flood damages, life-cycle cost and benefit analysis model, designed
adaptation scenarios, and the cloud-based model framework. Afterward,
we introduced the case study area and explained model results based on
large number of random simulations. Finally, we discussed main find-
ings and limitations in this research.

2. Literature Review

Long-term SLR and coastal flood hazard have been recognized to
produce highly consequential flood risk to coastal cities in the US and
throughout the world (W. Sweet et al., 2017). Traditionally, the gener-
alized extreme value (GEV) distribution theory is widely used for
frequency-based coastal flood risk analysis (NOAA, 2013). However,
given uncertainties of SLR, the GEV distribution is nonstationary. Lee,
Haran, and Keller (2017) proposed four types of generalized extreme
value distribution to assess storm surge events under climate change: a
stationary GEV distribution with constant location, scale, and shape
parameters, a nonstationary GEV distribution with only location
parameter, a nonstationary GEV distribution with location and scale
parameter, and a nonstationary GEV distribution with location, scale,
and shape parameters. Recently, Ghanbari, Arabi, Obeysekera, and
Sweet (2019) utilized a mixed normal-Generalized Pareto Distribution
(GPD) distribution to evaluate coastal flood frequency under nonsta-
tionary conditions. Risk analysis of coastal flooding based on the GEV
distributions also needs to be mapped to low lying areas to reflect local
flood inundation conditions of communities. Although complex hy-
draulic and geomorphic models could more accurately simulate hydro-
dynamic and morpho-dynamic processes of storm surges, they usually
include more variables and have their own assumptions. Therefore,
given high uncertainties of flood mapping, the National Oceanic and
Atmospheric Administration (NOAA) suggests a bathtub model using
derived elevation data and tidal surface for flood planning (NOAA,
2010). Uncertainties of local tidal elevations and digital elevation model
(DEM) are two main kinds of uncertainties involved in the bathtub
model.

Coastal infrastructures and buildings are subject to the increasing
flood vulnerability over the course of their service life due to SLR
(Buchanan et al., 2020; Najafi, Zhang, & Martyn, 2021). However, the
impacts of SLR on coastal communities are not homogeneous on the
spatial-temporal scales due to complex environmental and socioeco-
nomic factors. For example, due to the enforced adaptation policy
within flood zones, McAlpine and Porter (2018) found that residential
buildings that are outside flood zones in low-lying areas will face more
flood damage than buildings in other locations under SLR.

The development of economic adaptation and risk mitigation stra-
tegies to cope with the increasing flood risk have been seen as an
important investment approach to solve potential environmental,
ecological, and social issues of flooding (Sampei Yamashita, Ryoichi
Watanabe, & Shimatani, 2016). Cost-benefit analysis (CBA) is a
commonly used approach to quantitatively evaluate total costs and
benefits of an risk mitigation investment through an economic
perspective during its full life-cycle (Pour, Wahab, Shahid, Asaduzza-
man, & Dewan, 2020). Cutler, Albert, and White (2020) presented a
dynamic CBA model by integrating shoreline erosion, coastal develop-
ment, and adaptation into the evaluation of physical and economic in-
teractions under SLR. Based on a discrete dynamic programming
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method for evaluating adaptation decisions, they showed tradeoffs be-
tween adaptation and managed retreat under uncertain SLR.

Since adaptation decisions based on CBA are usually for the long-
term trade-offs of economic costs and environmental benefits, these
decisions are very sensitive to SLR impacts (Marangoni, Lamontagne,
Quinn, Reed, & Keller, 2021). As a result, decisions of infrastructure
adaptation and risk mitigation need to consider climate uncertainties
(Hallegatte, 2009). Helmrich and Chester (2020) discussed different
infrastructure adaptation frameworks accounting for future un-
certainties of climate change. Garner, Reed, and Keller (2016) also
pointed out the importance of quantifying tradeoffs of different policy
objectives to better inform alternative climate risk mitigation policies.

Due to variations of SLR and coastal hazards, how and when to adapt
to SLR related flood risk is challenging for stakeholders in coastal
communities. Sahin and Mohamed (2013) introduced a spatial-temporal
decision framework to evaluate coastal vulnerability and alternative
adaptation decisions. The model framework integrates system dynamics
and multicriteria analysis on the spatial scale to determine coastal
vulnerability under SLR. From the building level, to cope with the
increasing risk of natural hazards to coastal communities, the evaluation
of adaptation strategies also requires public authorities to apply
risk-based approaches, which includes uncertainties, likelihoods, and
life-cycle cost-benefits (LCCB) of adaptation strategies in flood risk
management (S. Dong, Yu, Farahmand, & Mostafavi, 2020; Lawrence
et al., 2018; Willows, Reynard, Meadowcroft, & Connell, 2003). Yohe,
Knee, and Kirshen (2011) emphasized the criticality of specifying a
baseline in evaluating adaptation strategies using probability-based
model framework. Haghighatafshar et al. (2020) encouraged a shift
from the engineering design of flood adaptation toward a risk-based
adaptation design by examining recurrence intervals of flooding under
non-stationarity conditions.

Risk-based adaptation decision-making to SLR must therefore be
integrated into adaptation planning to inform responsibilities of
different stakeholders (Hurlimann et al., 2014). Social vulnerability has
been found to significantly influence community resilience against
natural hazards (Y. Chen et al., 2021). In the US, although the Federal
Emergency Management Agency (FEMA) takes an active role in
improving community resilience through managing flood risk zones and
provide hazard mitigation program, local communities are still facing
divergent social vulnerability due to vulnerability of stakeholders in
flood exposure, sensitivity, and adaptive capacity (Chang et al., 2021;
FEMA, 2021). To incorporate social vulnerability in adaptation plan-
ning, Nguyen et al. (2019) presented a retrofitting framework for urban
drainage systems based on the motivation and ability of stakeholders.
Nevertheless, the framework lacks CBA components to access the
financial performance of retrofitting projects. A building-level LCCB
model considering social vulnerability in coastal communities could
identify vulnerability in cities and improve adaptation planning. Xian,
Lin, and Hatzikyriakou (2015) evaluated the flooding vulnerability of
coastal buildings through a quantitative assessment of storm surge
damages after Hurricane Sandy, where structure damages of properties
were estimated based on a combination of cadastral parcel data and field
survey data. de Ruig, Haer, de Moel, Botzen, and Aerts (2019) also
applied CBA to measure benefits of adaptive measures in coastal areas of
California. Zarekarizi, Srikrishnan, and Keller (2020) evaluated house
elevation strategy by incorporating uncertainties of flood damage, dis-
count rates on future flood damages. Despite increasing risk-based
analysis on the building adaptation, few studies have been conducted
on the city level to evaluate large-scale building adaptation planning
under climate uncertainties. One of the reasons is because high
computational burden in the model evaluation. Therefore, we developed
a cloud-based flood adaptation model to tackle building-level adapta-
tion challenges in coastal cities by integrating the life-cycle building
damages and adaptation costs, stochastic storm surge events, and SLR
projections to inform adaptation policies.
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Table 1
Costs of adaptive measures per square feet.
Elevation  Single- Mobile Home/ Multi- Non-
Family Manufactured House  family residential
Property House Property
Elevation
+0.6 m 22.16 27.03 27.56 41.35
+0.9m 23.64 29.00 29.24 43.88
+1.8m 24.88 30.64 30.64 45.98
+2.4m 26.12 32.28 32.04 48.08
Wet flood-proofing
+0.6 m 1.43 1.90 1.63 2.44
+0.9m 2.97 3.93 3.36 5.05
Dry flood-proofing
+0.6 m 5.53 6.19 5.81 6.86
+0.9m 6.96 7.84 7.33 8.73
3. Methods

3.1. Damage of buildings from storm surges

SLR and storm surge varies between geographical regions. We
applied the generalized extreme value (GEV) distribution to simulate the
random storm surge heights (Lopez-Cantu, Prein, & Samaras, 2020). The
cumulative function of GEV distribution applied in this study randomly
generate storm surge in each year of simulation:

1

F(x; u, 6, & =expy — | 1+ g(x;u) ¢ (€D)

In Equation 1, F(x; u, o, &) is the cumulative probability of a storm
surge height, which can be randomly generated from a continuous
uniform distribution u(0,1). x represents the storm surge height, u, o, &
are the location, scale and shape parameters of a distribution, respec-
tively. We also considered the nonstationary GEV distribution with a
changing location parameter under SLR, where the location parameter
changes based on the increase of sea-level in the simulation (Vitousek
et al., 2017).

Since storm surge heights vary in different locations, we used a
bathtub model proposed by the NOAA to derive inundation maps under
each return period. A bathtub model, also called single-value surface
model, is commonly used in tidal inundation mapping. Two variables,
topography elevation and tidal inundation, are the primary variables in
the bathtub model. The topography elevation data of the bathtub model
usually comes from a DEM of the study area and the tidal inundation
data could be derived from a hydrological model. In our model, we
applied the local DEM data and inundation maps from NOAA’s Sea,
Lake, and Overland Surges from Hurricanes (SLOSH) model to map
flood inundations. To identify disconnected areas in floodplains, build-
ings in low laying areas that do not have hydrological connection to the
flooding source are identified by overlaying flood map with local DEM
data (Ghanbari, Arabi, & Obeysekera, 2020). We then adjusted building
flood inundation heights under each return period based on the local
flood inundation height.

The estimation of flood loss is measured similar to the flood depth-
damage table in the HAZUS-MH model (Scawthorn et al., 2006). We
estimated flooding damage based on the property value and inundation
height (Karamouz, Fereshtehpour, Ahmadvand, & Zahmatkesh, 2016).
The flood risk is estimated according to a building’s expected annual
damage (EAD) in Equation (2).

£AD = [ Dp)p = 3> (= p) (D) + D) @

=

where D(p;) is the flood damage occurs with probability p;, dp; is the
probability density of the hurricane event i. We employed numerical
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integration method to estimate flood damage across all return periods
(Olsen, Zhou, Linde, & Arnbjerg-Nielsen, 2015).

3.2. Life cycle cost and benefit analysis

A dynamic life-cycle cost and benefit (LCCB) approach for individual
buildings was applied in this study to evaluate risk mitigation measures
(Han & Mozumder, 2021). Three main types of adaptive measures are
considered in the analysis. They are house elevation, wet-proofing, and
dry-proofing. According to FEMA’s retrofitting manual, floodproofing
measures are effective when flood height is lower than 1m and house
elevation is usually considered when the elevating height is lower than
2.9m (FEMA, 2017). In our study, we evaluated floodproofing measures
at 0.6m and 0.9m, and house elevation at 0.6m, 0.9m, 1.8m, and 2.4m,
respectively. Table 1 shows unit cost information of these adaptation
measures (Aerts, 2018; Burrus, Dumas, & Graham, 2001). In our sensi-
tivity analysis, we also considered cost uncertainties of adaptive mea-
sures by assuming normal distribution of unit cost with a 0.5 coefficient
of variation for each adaptive measure (Han & Mozumder, 2021; Zar-
ekarizi et al., 2020).

We estimated initial cost for each kind of adaptive measure and
assumed all implemented adaptation measures are well-maintained and
effective during the simulation. Maintenance and repair costs are other
sources of adaptation costs. We assumed a 5% and 3% annual mainte-
nance and repair cost in the LCCB for floodproofing and building
elevation measures, respectively (Aerts, 2018). To estimate annual flood
damage cost, we adapted the damage curves from Lasage et al. (2014) to
estimate the average flood damages for each adaptive measure using
Equation (2). We incorporated the low SLR projection based on a his-
torical SLR rate and chose a long analysis period T = 100 years in the
LCCB model(Pachauri et al., 2014). Adaptation decisions will be eval-
uated every 10 years based on the projected SLR and discounting factors.
To compare cost cash flows at different time periods during the life-cycle
of the implementation of adaptive measures, a discount rate d, with
mean 0.4 and standard deviation 0.2, was used to discount adaptation
costs at different periods during the simulation. We did not consider the
net present value of future risk in the analysis.

3.3. Adaptation scenario design

We developed four scenarios in the adaptation analysis. In adapta-
tion scenario 1, adaptive measures of buildings are evaluated based on
the LCCB method. All adaptation costs are discounted to the present
value. No public adaptation is considered in the evaluation. Adaptation
scenario 2 considers social vulnerability of property owners based on a
derived willingness-to-pay for flood adaptive measures. In scenario 2,
when the willingness-to-pay for a residential building is smaller than the
discounted annual cost of an adaptive measure, the adaptive measure
will not be considered in the evaluation. The evaluation of available
alternative adaptive measures still relies on the LCCB. Results from
adaptation scenario 2 can indicate social vulnerability in adaptation.
Based on the LCCB model with social vulnerability, we designed adap-
tation scenario 3 and 4 by considering public adaptation using seawall
and the enforced adaptation policy within flood zones. Scenario 3 esti-
mated the height of public seawall based on the lower bound of the 95%
confidence interval of the GEV distribution. In scenario 4, the seawall
height is estimated based on the upper bound of the 95% confidence
interval of the GEV distribution. In both scenario 3 and 4, buildings
located within the 100-year flood inundation zones are required to be
elevated above 1-foot of the 100-year flood inundation (Han, Ash, Mao,
& Peng, 2020). However, in the last two adaptation scenarios, adapta-
tion evaluation models outside flood zones are consistent with adapta-
tion scenario 2.
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Fig. 1. A cloud-based methodology framework for adaptation evaluation with multiple parallel working threads.

3.4. The cloud-based model framework

Due to dynamic and uncertain climate conditions, the quantitative
assessment of the flood exposure and the vulnerability of all buildings in

cities is a challenging task. To address time-consuming issue in the
sensitivity and uncertainty analysis, we implemented a time-efficient
cloud-based model framework using methods explained in above sec-
tions. To fully utilize the cloud computing resources, the model
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Fig. 2. Flood inundation of buildings in Miami-Dade County under the 100-year storm surge flood.

framework was implemented with multiple threads using Java and the
project was built with maven. Our code can be accessed on GitHub(htt
ps://github.com/yuh2017/MiamiFloodAdaptation.git).

Fig. 1 shows the proposed methodology flowchart in the study. The
simulation model is controlled by a master program with multiple
adaptation scenarios and model parameters. Each scenario begins by
executing the task manager program which contains multiple parallel
working threads. The task manager will partition data into multiple sub-
datasets with the same size. Afterward, each sub-dataset will be
executed by a working thread independently.

In each working thread, a Monte-Carlo approach is applied to select
adaptive measures and adaptation time, simulate stochastic flood haz-
ards using the GEV distribution, evaluate building exposure based on the
bathtub model, and estimate building vulnerability using the flood
damage functions. Three sources of uncertainty information are
included into the model evaluation, which are the uncertainty of unit
costs of adaptive measures, the uncertainty of GEV distribution param-
eters, and the uncertainty of discount factor. We measured the hazards,

exposure, and vulnerability of all buildings for the whole simulation
period on an annual basis by considering SLR. After the number of model
replications reaches the predefined total simulation number (N), the
community total damage, adaptation costs, and flood damage and cost
information will be generated into outputs. The simulation will termi-
nate when all working threads write their simulation results into
outputs.

4. Case study area

To illustrate the methodology proposed above, we chose Miami-
Dade County, Florida as the case study area in the evaluation of adap-
tation decisions. Miami-Dade County is one of the most vulnerable cities
in the U.S. Gulf Coast region (Chang et al., 2021). We collected four
kinds of geographical dataset from the US census and Florida
Geographical Data Library (FGDL): the US Census and spatial data of
Miami-Dade County, the cadastral parcel data, 5-m DEM data, and nu-
merical inundation simulation data from the NOAA’s SLOSH model
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Table 2
Total number of properties for each type.
Property Type Single Family Multi-family/Condo Public/Commercial
Count 37196 38620 925
Percentage 48.47% 50.32% 1.20%
o
e

\
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Cumulative probability distribution
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Fig. 3. The fitted cumulative distribution and 95% confidence bounds of storm
surge inundation.

Adaptation scenario1

-

¥=2.1x10"-1300000 x 1

20750000~
20500000
20250000~ #a,
20000000 2
19750000 -

19500000 -
04 0.5 06

Adaptation scenario3

1260000~y = 1300000 - 14000 x

1265000 -

Average adapted flood risk($)

R?=0.045-
1255000 - .o

1250000 -

Sustainable Cities and Society 76 (2022) 103415

(Glahn, Taylor, Kurkowski, & Shaffer, 2009).

We selected buildings within the 95% of the empirical cumulative
distribution of building values in Miami-Dade area. Since mobile homes
takes less than 0.5% of residential buildings in Miami-Dade County, we
excluded mobile homes in the evaluation. As a result, we classified three
types of buildings in the analysis, including single-family houses, multi-
family/condominium buildings, and public/commercial buildings.
Fig. 2 shows the location of the study area and flood inundations from
the 100-year storm surge in Miami-Dade County. It can be seen that most
of buildings are extremely vulnerable to the 100-year storm surge. Since
we only had free access up to 16 CPU cores in our cloud system, to
evaluate model results in a time-efficient manner, we randomly chose
10% of buildings in the study area to illustrate the performance of our
developed model. Table 2 shows the number and percentage of prop-
erties in each type. The single-family and multi-family/condominium
take 48.47% and 50.32% of all buildings, respectively. Nevertheless,
only about 1.2% public/commercial buildings are included in this
evaluation. We fitted the cumulative distribution of flood inundation in
Miami-Dade County using the local storm surge models together with
the 95% upper and lower bounds in Miami-Dade County (NOAA, 2013),
as shown in Fig. 3.

In adaptation scenario 2, based on a local flood risk awareness survey
data (Halim, Jiang, Khan, Meng, & Mozumder, 2021), we also derived a
willingness-to-pay for each residential building in Miami-Dade using a
building’s type, area, value, and property owner’s income level. The
linear model fitted using the stepwise linear regression is as follows:

Adaptation scenario2
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Fig. 4. Average total community flood risk reduction under changing discount rates.
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Pay; = 3.102¢7> —4.566e > Type; + 2.989¢ ® Area; + 7.153¢° Value; — 3.165¢° Income; 3

In Equation (3), the Pay; represents the average value of willingness-
to-pay of the property owner in building i, Type; is the type of the res-
idential building, Area; presents the area of building i in square feet, and
the Value; is the listed value for building i, Income; is a randomly
generated income in for the property owner of building i. We randomly
generated the income of property owner based on their self-reported
income level and property value. In adaptation scenario 3, we esti-
mated a 2-ft public seawall based on the LCCB model using the lower
bound of the 95% confidence interval of the GEV distribution in Fig. 3.
In adaptation scenario 4, a 6ft public seawall was estimated based on the
upper bound of the 95% confidence interval of the GEV distribution.

5. Results

We evaluated adaptive measures and simulated storm surge heights
by randomly generating the GEV distribution parameters in each year of
the simulation using 16 CPU cores in the cloud computing system. We
then employed the low SLR rate to represent the future SLR projection
by comparing historical mean sea-level rise in the county (NOAA, 2013).
Results are then aggregated based on 3000 model replications with
convergence calculation (Han & Mozumder, 2021).

5.1. Model sensitivity

To evaluate model sensitivity, we utilized both local and global
sensitivity analysis (Saltelli & Annoni, 2010). Since other sources of
uncertainties may affect sensitivity results of the discount factor in the
global sensitivity analysis, a local sensitivity analysis was conducted by
randomly generating discount rates while keeping other variables con-
stant. Instead, a global sensitivity analysis was applied for costs of
adaptive measures. We randomly changed all model parameters based
on their assumed distributions. These parameters include the discount
factor, parameters for the GEV distributions, and the unit costs for
adaptive measures. Sensitivity results were displayed in scatter plots and
marginal distributions. In Fig. 4, each point represents the adapted
community flood risk reduction measures at the end of each simulation
under a discount factor. We fitted a linear model to examine effects of
discount factors on adaptation outcomes. We found that a higher dis-
count factor could decrease community flood risk reduction measures in
adaptation scenario 1. This result was obtained based on the assumption
that future flood risk reduction measures were not discounted in the
LCCB model. Due to higher present value of adaptation under higher
discount factors, a high discount factor will result in more adaptation
activities during the early stage of model simulations. Because of social
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vulnerability of property owners in scenario 2, the effect of discount
factor on community flood risk reduction measures is more random.
Since adaptation scenario 3 and 4 considers public seawall and enforced
risk mitigation requirement within the flood zone, the non-linear rela-
tionship between discount factor and community flood risk reduction is
significant. In scenario 4, the average adapted flood risk reduction
measures in the county varies little with the discount factor. Fig. 5 then
shows the sensitivity of community adaptation costs on community’s
average annual risk reduction. The average annual risk reduction was
calculated as the differences between the community flood risk without
considering adaptation and the community flood risk considering
adaptation. On average, higher adaptation cost will produce higher total
risk reduction in the community. However, in adaptation scenario 3 and
4, effects of adaptation cost on community risk reduction are non-linear
due to public adaptation.

5.2. Adaptation scenario results

We showed that the adaptive measures in Miami-Dade County for
four adaptation scenarios in Fig. 6. In general, areas in the central, north
and northeast of the county have higher elevation, thus buildings have
lower risk. Therefore, fewer buildings in these areas were implemented
with adaptive measures in all scenarios. In adaptation scenario 1, most
buildings near the coastline, such as areas around Miami Beach and
southwest part of the county, were implemented with building elevation

2 =il —

15608~

126408

Average risk reduction($)

| —— Scenarios

~ Adaptation scenario 1

~ Adaptation scenario 2

~— Adaptation scenario 3
Adaptation scenario 4

2025 050 078 21t0
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Fig. 7. The averaged risk reductions by private adaptive measures of buildings
under the SLR projection.

due to higher flood risk in these areas. However, only a small number of
buildings near the coastline, such as Miami Beach area, were imple-
mented with building elevation measure. Most buildings in floodplains



Y. Han and P. Mozumder

Table 3

The average adaptation outcomes for each type of building.

Sustainable Cities and Society 76 (2022) 103415

Discounted annual adaptation cost ($) Benefit to cost ratio

Building Type Flood damage without adaptation ($) Adapted flood damage ($)
Adaptation scenario 1
Single-family 4134 2253 335 5.62
Multi-family/Condo 3676 1889 155 11.52
Public/Commercial 4339 2327 126 16.00
Adaptation scenario 2
Single-family 4134 3311 79 10.39
Multi-family/Condo 3676 2766 52 17.65
Public/Commercial 4339 2813 61 24.94
Adaptation scenario 3
Single-family 4134 1554 673 3.83
Multi-family/Condo 3676 1351 317 7.33
Public/Commercial 4339 1570 248 11.17
Adaptation scenario 4
Single-family 4134 901 662 4.88
Multi-family/Condo 3676 880 330 8.47
Public/Commercial 4339 885 288 11.97

were implemented with wet-proofing. This result indicates that the cost
of building elevation could be a crucial factor that limits its adoption.
Buildings in southeast part have relatively lower risk, and therefore,
wet-proofing is a more cost-effective measure in reducing flood risk of
buildings. In adaptation scenario 1, a small percentage of buildings near
water and river canals were implemented with dry-proofing. However,
only a few buildings in scenario 2 were implemented with dry-proofing.

PEMOTORE PGS,

This result shows that dry-proofing is less cost effective compared with
building elevation and wet-proofing on average.

A significant number of buildings in adaptation scenario 3 and 4
were implemented with building elevation. This is because most of these
buildings are located in the 100-year flood zone, and therefore, needs to
be elevated to 1-foot above the 100-year flood height. Moreover, sce-
nario 3 has more buildings implemented with wet-proofing in the south
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Adaptation
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Adaptation
scenario 3
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Fig. 8. The average annual damages of buildings under the low SLR projection.
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side of the county. This indicates that flood risk in scenario 3 could still
cause damages to buildings in these areas even under the low SLR
projection, and meanwhile, wet-proofing measures are more cost
effective in reducing risk in these areas.

Fig. 7 shows the average community risk reduction of adaptive
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measures with 95% confidence intervals in each adaptation scenario.
The total average community risk reduction could indicate the effec-
tiveness of adaptive measures in reducing flood risk under each adap-
tation strategy. On average, risk reductions are increasing given the
increasing number of community adaptive measures. Risk reductions in
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all scenarios increased significantly after 2030 because most adaptive
measures are planned to be implemented in 2030. This simulation result
indicates that highly vulnerable buildings in Miami-Dade County need
to be protected at the early stage . Afterward, as more adaptive measures
are implemented, the averaged total community risk reductions under
all adaptation scenarios increase smoothly. Adaptation scenario 1 has
much higher risk reductions compared to other adaptation scenarios.
Scenario 3 has the second highest risk reduction due to the enforced
building elevations in the flood zone. Due to the installation of a 6ft
public seawall in adaptation scenario 4, risk reduction by private
adaptive measures in adaptation scenario 2 is even higher than adap-
tation scenario 4.

Table 3 shows flood damages, the discounted annual adaptation cost,
and benefit to cost ratios for each type of building that has an imple-
mented adaptive measure. Flood damages without adaptation are the
same for each adaptation scenario. When considering adaptation, single-
family building has the highest adapted average flood damage and
discounted annual adaptation costs. The public/commercial buildings
have the highest benefit to cost ratios. Adaptation scenario 3 and 4 have
adapted flood damages ranging between $880 and $1554, which are
significantly smaller than results in adaptation scenario 1 and 2. As for
buildings, the multi-family/condo has the lowest annual adaptation
costs. This implies that multi-family/condo buildings have lower life
cycle costs in adaptation. Most multi-family/condo buildings with an
adaptive measure were implemented with wet-proofing. The reason
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could be that multi-family/condo buildings have relatively lower flood
risk or building elevation cost is too high for multi-family/condo
buildings.

To identify the vulnerability of buildings, we examined the average
flood damage of buildings and adaptation costs under four adaptation
scenarios. Results are shown in Fig. 8-10. Fig. 8 shows spatial distribu-
tion of the adapted average annual damage of buildings under the low
SLR projection. On average, Since the implementation of public seawall
in adaptation scenario 3 and 4, the adapted building damages in these
two scenarios are lower compared to results in scenario 1 and 2. In
scenario 2, property owners with lower willingness-to-pay will invest
less on adaptive measures. Therefore, it has more adapted building
damages compared to scenario 1. In adaptation scenario 1, Miami Beach
area and east coastal of the county have high flood damage even with
adaptive measures. The south and west parts of the county show mod-
erate flood damages. In adaptation scenario 2, almost all buildings near
the east coast of the county have high flood damages. The number of
vulnerable buildings increased substantially compare to adaptation
scenario 1. Adaptation scenario 3 has several areas with high flood
damages, which are located in central east of the county and Miami
Beach. Benefit from a 2ft public seawall and enforced adaptation policy
within flood zones, large number of buildings in the south of the county
substantially mitigated their flood risk. Compared to scenario 2, these
areas have high social vulnerability. Moreover, buildings that are near
the shoreline and outside of the 100-year flood zones are more
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Fig. 11. Total community flood damage under SLR projections.

vulnerable in scenario 2. Adaptation scenario 4 have the lowest flood
damage across the county. Compared to adaptation scenario 3, only a
small number of buildings in central east of the county and Miami Beach
are highly vulnerable due to their exposure to storm surges.

Fig. 9 shows discounted annual cost for building adaptive measures
under the low SLR scenario. It can be seen that adaptation scenario 1 has
higher average annual adaptation costs compared to other adaptation
scenarios. Coastal areas and the southeast of the county in scenario 1
have the highest adaptation costs. Although the discounted annual
adaptation costs in scenario 2 are relatively higher within the 100-year
flood zone, costs in these areas are much lower compared to scenario 1.
Adaptation costs in scenario 3 and 4 are very close and are both lower
than $8000 in vulnerable areas due to the protection of public seawalls.
To further investigate adaptation benefits of building adaptation, Fig. 10
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shows the average benefits to cost ratios in each adaptation scenario.
When the benefit to cost ratio equals 0, it means no adaptation was
considered in the evaluation. Areas in the south, central west, and east
coastal areas of the county have high benefit to cost ratios on average in
both scenario 1 and 2, while scenario 2 has the highest adaptation
benefits to cost ratios on average. Although the central west of the
county has relatively lower risk compared to coastal areas, this region
has a high benefit to cost ratios for buildings. It could be the reason that
the implementation of low cost measures, such as wet-proofing, in these
areas has high flood risk reduction. Compare to adaptation scenario 4,
adaptation scenario 3 has higher benefit to cost ratios in the flood zone,
but also has benefit to cost ratios lower than 1 in areas with low flood
risk. This indicates that the average risk reduction could be lower than
the discounted annual costs in these areas.
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5.3. Impacts of uncertain SLR

To incorporate impacts of uncertain SLR on community flood risk,
we further simulated the average adapted flood damage under four SLR
scenarios. These four SLR scenarios are based on NOAA’s low, inter-
mediate low, intermediate high, and high SLR projections (W. V. Sweet
et al., 2017). The four SLR scenarios assume a 0.2m, 0.5m, 1.2m, and
2.0m SLR after 100 years projection. In our simulation, we randomly
generated storm surge heights by considering the rising sea-level height.
Fig. 11 shows community adaptation damage under the four adaptation
scenarios and SLR scenarios. Due to the low frequency nature of flood
appearance, the scatter plots of average community damages fluctuate
within a range. Therefore, we fitted the mean community damage and
95% confidence intervals using the averaged community damage after
1000 model replications. Adaptation scenario 1 initially has a close
average community damage with adaptation scenario 2, but the damage
decreases substantially after 2035 due to more implemented adaptive
measures before that time. The average community damage in adapta-
tion scenario 1 ranges from $221 million to $2750 million under all SLR
projections. Adaptation scenario 2 has higher community damage
compared to other adaptation scenarios, where the community average
damage ranges from $244 million to $3440 million. This result reflects
social vulnerability in adaptation scenario 2 and no public adaptation or
enforced adaptation policies was considered in the flood zones. Under
the low SLR scenario, the community damages in the four adaptation
scenarios are close and have large overlaps between each other. How-
ever, as SLR rates increasing, the average community damages in
adaptation scenario 1 and 2 increase more significantly compared to
those in adaptation scenario 3 and 4. When SLR projections are low,
community damages in adaptation scenario 3 are relatively slow,
ranging between $92 million and $175 million. However, when SLR
rates are high, community damages in adaptation scenario 3 are close to
those in adaptation scenario 1. At the end of simulation in the high SLR
projection, community damages in adaptation scenario 3 is about $2390
million. Adaptation scenario 4 has the lowest adapted community
damage under all SLR projections, where community average damages
range from $59.3 million to $1820 million. These results imply that,
compared to other adaptation scenarios, the public seawall based on the
upper bound of GEV distribution is more effective in protecting the
community from increasing threats of uncertain SLR.

6. Discussions and Conclusions

This study developed a risk-based adaptation assessment framework
to facilitate community flood risk management on the building-level
using cloud computing. We integrated four adaptation scenarios to
illustrate how flood adaptation strategies could improve community
resilience under SLR. Our model results considered adaptation outcomes
under stochastic flood appearance in adaptation decision-making. Re-
sults illustrated the long-term benefits of flood adaptation on the spatial
and temporal scales, as well as uncertainties of discount factor and
adaptive measure costs in Miami-Dade County, FL. Due to social
vulnerability of individual property owners, the adaptation outcome
considering social vulnerability was less effective in mitigating com-
munity flood risk under SLR. Instead, a LCCB adaptation framework
could be more effective in improving building resilience. Nevertheless,
the LCCB adaptation model performed less than adaptation models with
public seawall protection and enforced adaptation policy within flood
zones. This conclusion indicates that effective community flood risk
mitigation needs to go beyond CBA and integrate enfored public adap-
tation policies in vulnerable locations.

Although the developed model in this research could be applied to
examine building damages from storm surge in coastal communities
under SLR. There are limitations to this study. First, this study uses a
bathtub model to evaluate inundations of storm surge heights. The
bathtub model is a passive flood mapping approach which does not
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consider local topography, bathymetry, and wave exposure of the study
area. Anderson et al. (2018) found that a bathtub model could under-
estimate local flood inundations at high tide in Hawaii. Future studies
could integrate the developed model in this study with hydrological
models to more accurately measure flood inundations and adaptation
benefits on the spatial scale (Criado, Martinez-Grana, San Roman, &
Santos-Francés, 2019). Second, this study uses seawall as the public
adaptation measure because it is more straightforward to quantify costs
and benefits of hard adaptation measures. Compare to hard adaptation
infrastructures, natural-based adaptation solutions are more appealing
due to they have lower cost and potential ecological and environmental
benefits (Kabisch, Korn, Stadler, & Bonn, 2017). Future studies could
further investigate effects of natural-based adaptation measures, such as
wetland, on improving coastal resilience. Third, the four adaptation
scenarios are based on the LCCB method. Although the LCCB model
could capture the life cycle costs and benefits of building adaptation in
the decision-making, the cascading costs of climate disasters, such as
interdependent socioeconomic costs, could not be captured in the
simulation (Najafi et al., 2021). To better evaluate indirect benefits of
adaptation, future studies could either incorporate an input-output
model or a computational generalized equation model into the current
adaptation model (Zhang & Peeta, 2011). Nevertheless, our presented
model provides a high performance risk-based simulation framework in
evaluating adaptation strategies with multiple parallel working threads
using cloud computing, the developed model in this study incorporates
multiple sources of parameter uncertainties and could facilitate risk
communications between public and private sectors in participatory
planning for flood risk mitigation.
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