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Abstract: Understanding storm surge inundation risk is essential for developing countermeasures and
adaptation strategies for tackling climate change. Consistent assessment of storm surge inundation
risk that links probability of hazard occurrence to distribution of economic consequence are scarce due
to the lack of historical data and uncertainty of climate change, especially at local scales. This paper
proposes a simulation-based method to construct exceedance probability (EP) curves for representing
storm surge risk and identifying the economic impact of climate change in the coastal areas of Ise Bay,
Japan. The region-specific exceedance probability curves show that risk could be different among
different districts. The industry-specific exceedance probability curves show that manufacturing,
transport and postal activities, electricity, gas, heat supply and water, and wholesale and retail trade
are the most affected sectors in terms of property damage. Services also need to be of concern in terms
of business interruption loss. Exceedance probability curves provide complete risk information and
our simulation-based approach can contribute to a better understanding of storm surge risk, improve
the quantitative assessment of the climate change-driven impacts on coastal areas, and identify
vulnerable regions and industrial sectors in detail.

Keywords: exceedance probability curves; storm surge inundation; climate change; economic impact;
Ise Bay

1. Introduction

Between 1998 and 2017, disaster-hit countries reported direct economic losses amounting to US$
2908 billion, of which climate-related disasters caused 77% of the total damages. Storms cost more
than any other climate-related disaster in high- and low-income countries, accounting for 75% and 61%
of their reported losses, respectively [1]. The risk of storm disasters is likely to increase with climate
change. On one hand, hazards of tropical cyclones are expected to increase in intensity owing to
warmer sea surfaces, although their frequency is expected to decrease [2]. On the other hand, exposure
of population in low-lying coastal areas, which is particularly vulnerable to storm disasters, is expected
to increase and in Asia alone, is predicted to reach 695 million by 2030 (up from the baseline of 460
million in 2000) [3].

Understanding disaster risk, which was emphasized in the Sendai framework, should be a priority
to achieve disaster risk reduction in the next 15 years [4]. Risk is a function of hazard, exposure, and
vulnerability [5]. However, for natural disasters, many studies have focused on only hazard prediction [6–8]
and have followed a hazard-projection–hazard-countermeasure decision process [9]. The concept of risk
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in natural disasters emphasizes the integration of hazard, exposure, and vulnerability, and promotes
the decision process of hazard-projection-social impact evaluation–risk-estimation–risk-countermeasures.
For coastal regions, the risk from tropical storm surge inundation is responsible for most of the damage and
loss [10–12] and is projected to worsen as coastal cities grow and the natural environment changes [13,14].
To estimate storm surge inundation risk, it is necessary to consider climate change scenarios [15–17].
Although previous studies have focused on assessing storm surge inundation risk in terms of hazard
prediction [18–20], there is little information on risk assessment that integrates storm surge inundation
hazard, exposure, and vulnerability because of climate change.

Risk can be expressed relatively as an overall, quantitative index that integrates contributing
factors [21–24]. However, the index is sometimes not enough for decision making. The actions needed
for reducing storm surge risk include countermeasures that range from disaster prevention to risk
transfer, and for achieving the right balance among these countermeasures, a complete expression
of risk is required. Risk; therefore, should be expressed as a curve that describes the probability and
severity of adverse effects [25]. Haimes pointed out two ways of interpreting this definition: (i) The
risk that describes the probability of occurrence of adverse effects; and (ii) the risk that describes the
probability of the severity of adverse effects given their occurrence [26–28]. In terms of storm surge
inundation risk, the former interpretation emphasizes the probability distribution of a storm surge
inundation hazard, and the latter focuses on the probability of economic loss caused by storm surge
inundation. However, the knowledge of the probability of both the hazard and the corresponding
economic loss is essential to deal with the associated risk.

An exceedance probability (EP) curve is a type of risk curve that may integrate the probability of
hazard and the corresponding economic loss. It describes the probability of economic loss exceeding
a certain threshold. The advantage of using EP curves in climate change adaptation is that governments,
companies, or individuals can use it to quantify the risk profile for entire portfolios or for individual
risks, which can be region- or industry-specific. EP curves can help determine the quantum of risk to
deal with in risk-control measures, and to assess how much to transfer by risk finance measures. An EP
curve can be calculated from historical loss data using statistical methods. There are two difficulties
associated with using historical loss data for storm surge inundation. Firstly, storm surge inundations
are rare events and it is difficult to obtain adequate historical economic loss data for a specific area.
Secondly, the influence of climate change cannot be captured by only analyzing the historical data.

Therefore, to assess the economic impact of storm surge inundation due to climate change,
a method of simulation-based EP curve construction is proposed and a case study is conducted
to demonstrate this methodology. The remainder of this paper is structured as follows. Section 2
introduces the study area, describes an EP curve, and the methodology framework to construct it.
Section 3 presents the results from the case study using the proposed method. The discussions and
conclusions are presented in Sections 4 and 5.

2. Methods

2.1. Study Area

The study area, Ise Bay, is in central Japan. Ise Bay is contiguous with three prefectures, but
most of our study area was in the Aichi prefecture. The capital of Aichi prefecture, Nagoya city, is
the third largest city in Japan, after Tokyo and Osaka. This area primarily focuses on automobiles,
with a large concentration of industries in aircraft, space, and machine tools. Many world-famous
companies, like Toyota, Fuji Heavy Industries, Mitsubishi Motors Corporation, Brother Industries
Ltd., Aisin Seiki Co. Ltd, are located in this area. Ise Bay is the gateway to the Nagoya economic zone.
This area is considered vulnerable to storm surge inundation. In 1959, typhoon Vera attacked this area
and caused the most severe historical storm surge disaster in Japan. The location of the case study area
is shown in Figure 1.
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2.2. Methodology

2.2.1. Exceedance Probability Curves

The construction of the EP curves using simulation data is illustrated by Figure 2. A dot in the
figure represented a loss value caused by a typhoon storm surge inundation case. The dots connected
by a light dashed line was from the same typhoon ensemble. Each typhoon ensemble provided a set
of storm surge inundation losses with probabilities. Therefore, at a certain probability of typhoon
occurrence, several loss values could be estimated. The probability distribution of such loss values
represented the variation in loss caused by the uncertainty of a typhoon for a specific probability. Here,
the exceedance probability of loss was linked to the probability of the occurrence of a typhoon under
ensemble forecasting.

Assuming λ is the probability of the occurrence of a typhoon and fλ(x) is the probability
distribution of loss at typhoon occurrence probability λ, the exceedance probability EP(x) of loss x
can be estimated by integrating the shadow area

∫ ∞
x fλ(x)d(x) over the domain of typhoon occurrence

probability λ. The expression is shown in Equation (1).

EP(x) =
∫ 1

0
λ ×

∫ ∞

x
fλ(x)d(x)d(λ) (1)

Since sometimes we only focus on the significant probabilities of occurrence, such as 1/200, 1/100,
1/50, 1/20, etc., a discrete type of formula is presented in Equation (2), which can better explain
Figure 2.

EP(x) = ∑
i
(λi − λi−1)×

∫ ∞

x
fλi(x)d(x) (2)

where i represents the number of probabilities considered.
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Figure 2. Illustration of simulation-based exceedance probability curve.

To obtain an EP curve for storm surge inundation, a framework was proposed in Figure 3 that
included the following:

1. Hazard simulation. Using a statistical typhoon model to generate a large number of typhoon
ensembles considering the characteristics of tropical cyclones captured by global circulation
simulation under different climate conditions. Simulate the process of typhoon storm surge
inundation for each typhoon case in the ensembles using a nested downscaling strategy and
request a high-resolution simulation for inland inundation, as shown in Section 2.2.2.

2. Loss estimation. The estimation of losses for each storm surge inundation case with the integration
of hazard, exposure, and vulnerability. Exposure can be divided into different categories and
vulnerability is represented by the fragility curves of these exposure categories. Loss can be estimated
in terms of property damage and business interruption losses, as presented in Section 2.2.3.

3. Estimation of EP curves. Plot the loss data of each ensemble according to the probability of
typhoon occurrence and estimate the distribution of loss at each typhoon occurrence probability.
Calculate EP curve using Formulas (1) or (2).

Sustainability 2018, 10, x FOR PEER REVIEW  5 of 18 

Loss can be estimated in terms of property damage and business interruption losses, as 
presented in Section 2.2.3. 

3. Estimation of EP curves. Plot the loss data of each ensemble according to the probability of 
typhoon occurrence and estimate the distribution of loss at each typhoon occurrence 
probability. Calculate EP curve using Formula (1) or (2).  

 

Figure 3. Methodology framework to estimate exceedance probability curves for storm surge 
inundation. 

2.2.2. Prediction of Hazard under Climate Change 

a) Prediction of Typhoon Hazard 

Typhoon hazards can be predicted with a comprehensive application of global circulation models, 
downscaling methods, and simulation technologies [29–31]. The projection of climate change, such 
as change in sea surface temperature (SST), has been addressed by The Fourth and Fifth Assessment 
Report of IPCC. Based on the change in SST, climate conditions can be simulated using the super-
resolution Atmospheric Global Circulation Model (AGCM) [32,33]. Using the results of climate 
condition simulation, Mori et al. analyzed the macro characteristics of tropical cyclones due to global 
climate change (e.g., the location of cyclogenesis)[16]. One of the findings of the study was that the 
average central pressure of a typhoon is expected to decrease to 30 hPa in the future depending on 
the greenhouse gases emissions, Global Circulation Model (GCM) performance, and latitude. Further, 
considering the tropical cyclone characteristics, a global scale stochastic tropical cyclone model 
(Global-STM) is developed and used to generate synthetic typhoon tracks [34]. Although GCM 
projection is useful to understand dynamic climatological change, the number of typhoons is 
insufficient to analyze the extreme regional changes due to climate change. A number of synthetic 
tropical cyclones considering the present and future climate conditions can be generated by the 
Global-STM at a global scale, as compared to from the GCM projections. Typhoons under present 

Figure 3. Methodology framework to estimate exceedance probability curves for storm surge inundation.



Sustainability 2019, 11, 1090 5 of 15

2.2.2. Prediction of Hazard under Climate Change

a) Prediction of Typhoon Hazard

Typhoon hazards can be predicted with a comprehensive application of global circulation models,
downscaling methods, and simulation technologies [29–31]. The projection of climate change, such as
change in sea surface temperature (SST), has been addressed by The Fourth and Fifth Assessment Report
of IPCC. Based on the change in SST, climate conditions can be simulated using the super-resolution
Atmospheric Global Circulation Model (AGCM) [32,33]. Using the results of climate condition simulation,
Mori et al. analyzed the macro characteristics of tropical cyclones due to global climate change
(e.g., the location of cyclogenesis) [16]. One of the findings of the study was that the average central
pressure of a typhoon is expected to decrease to 30 hPa in the future depending on the greenhouse
gases emissions, Global Circulation Model (GCM) performance, and latitude. Further, considering
the tropical cyclone characteristics, a global scale stochastic tropical cyclone model (Global-STM) is
developed and used to generate synthetic typhoon tracks [34]. Although GCM projection is useful
to understand dynamic climatological change, the number of typhoons is insufficient to analyze the
extreme regional changes due to climate change. A number of synthetic tropical cyclones considering the
present and future climate conditions can be generated by the Global-STM at a global scale, as compared
to from the GCM projections. Typhoons under present climate conditions were generated for 200 years.
To understand the uncertainty of climate change, 25 typhoon ensembles were generated. In this study,
the total number of typhoons generated in the Western Pacific Ocean was 563,727. The future typhoon
hazards were generated by decreasing the central pressure of the present typhoons. Since our focus
was on the storm surge inundation in Ise Bay, the significant synthetic tropical cyclones were selected
using the following criteria to avoid unnecessary inundation simulations. The selection criteria used
was: (1) The minimum distance to Ise Bay was less than 100 km; (2) the minimum central pressure
was less than 950 hPa; and (3) the velocity of the tropical cyclone at landfall was higher than 20 km/h.
Apart from the typhoon characteristics, the rise in sea level was also considered. According to IPCC,
the global mean sea level is expected to rise 0.82 m in representative concentration pathway 8.5 (RCP8.5).
Therefore, the current climate conditions and the future climate conditions for storm surge inundations
were determined using the decreasing central pressure of typhoons and the rising sea level. Four
climate scenarios were considered in this paper: (1) No decrease in central pressure, no rise in sea level;
(2) a 10 hPa decrease in central pressure, a rise of 0.82 m in sea level; (3) a 20 hPa decrease in central
pressure, a rise of 0.82 m in sea level; and (4) a 30 hPa decrease in central pressure, a rise of 0.82 m in sea
level. The description of the climate change scenarios in the study is summarized in Table 1.

Table 1. Description of climate change scenarios in the study.

Climate Change
Scenarios Description Number of Typhoon

Ensembles Years of Simulation

Present climate condition No central pressure decrease; no
sea level rise 25 200

Scenario 1 Central pressure decrease of 10
hPa; sea level rise of 0.82 m 25 200

Scenario 2 Central pressure decrease of 20
hPa; sea level rise of 0.82 m 25 200

Scenario 3 Central pressure decrease of 30
hPa; sea level rise of 0.82 m 25 200

b) Simulation of Storm Surges and Coastal Inundation

Storm surge simulation was conducted using a full-coupled surge-wave-tide coupled model
(SuWAT) developed by Kim et al. [35]. In the study, the SuWAT employed a nesting scheme and used
three domains with spatial resolutions of 7290, 2430, and 810 m, downscaled from northwest Pacific
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Ocean and Japan coast to Ise Bay [36]. The storm surges were simulated taking the typhoon cases
generated by the probabilistic typhoon model as input conditions.

Coastal inundation simulation requires higher spatial resolution to cooperate with exposure data;
therefore, a 30-m spatial resolution was used. With an increase in spatial resolution, the cost of
simulation and time also increase. Since assessing the inundation risk requires simulating hundreds
of storm surge scenarios, a Graphics processing unit (GPU)-based flood simulation model, CUDA
accelerated Flooding Modeling System (CUFLOOD) developed by Liang et al. [37] was used to speed
up the inland inundation simulation. In this study, CUFLOOD showed a distinct advantage in the
repeated parameter calibration process and the large number of simulations. It enabled us to rapidly
complete hundreds of inundation simulations that well support simulation-based risk assessment.

2.2.3. Economic Impact Analysis

a) Estimation of Property Damage

The estimation of property damage depends on data availability. In Japan, population census
and economic census were conducted based on 500 m mesh resolution. This can be downscaled to
a smaller scale with additional information, such as land use. All the population census and economic
census data were spatialized using geographic information system (GIS). According to the Ministry
of Land, Infrastructure, Transport and Tourism (MLIT) Japan, property can be categorized into six
types—house assets, household item assets, depreciable assets of enterprises, inventory assets of
enterprises, depreciable assets of agricultural and fishery activities, and inventory assets of agricultural
and fishery activities. The value of these assets can be directly or indirectly evaluated from the census
and economic census data under certain assumptions [38]. A group of commonly-used fragility curves
in Japan that reveal the relationship between water depth and loss ratio for each category can be found
in the Manual of Economic Survey for Water Management published by MLIT.

b) Estimation of Business Interruption Loss

The definition and significance of business interruption loss have been discussed by Chang,
Rose, Hallegatte, and Kajitani [39–42]. Business interruption loss signifies the loss caused by the
functionality damage of industry sectors. Based on the economic survey data taken after the Tokai
flood of 2000 in Japan, Yang et al. estimated the business interruption loss functions that define
business interruption loss as lost production in affected days, and describe the relationship between
water depth and business interruption loss [43]. A set of business interruption loss functions for
manufacturing and non-manufacturing and for small classification sectors, including raw materials
manufacturing, processing and assembly manufacturing, livelihood related manufacturing, wholesale
and retail trade, services, and construction were provided through the study. This paper employed
Yang et al.’s business interruption loss functions to estimate the business interruption loss for the
industry sectors consistent with Yang et al.’s small classification sectors. The business interruption loss
functions of these sectors are adopted directly for the small industry sectors that were not estimated in
Yang et al.’s study; the loss functions of manufacturing and non-manufacturing are replaced. Business
interruption loss can be estimated given the inundation and industry sector related information.

3. Results

3.1. Hazard Simulation and Exposure Distribution

Storm surge inundations were simulated for all selected typhoon cases under the four climate
scenarios. From the results of the inundation simulations, the distributions of hazard information
could be obtained. Figure 4 shows the worst-case simulation in each climate scenario. By analyzing the
four worst cases, the different severity levels in the climate scenarios could be captured at first glance.
It can be found that the total inundated area will increase about 63%, 85%, and 111% under climate
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change scenarios 1, 2, and 3, respectively, compared to the present climate condition. More specifically,
under climate change scenario 1, the inundated area with water depth in 0–1 m increases by 3%,
the inundated area with water depth in 1–2 m increases by 98%, the inundated area with water depth
in 2–3 m increases by 223%, and the inundated area with water depth in >3 m increases by 934%.
The numbers for climate change scenario 2 were 2%, 127%, 307%, and 1444%, respectively, and for
climate change scenario 3 were 12%, 140%, 364%, 2258%, respectively. From these comparisons, we can
conclude that climate change will significantly enlarge the inundated area of deep water.
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top right—climate change scenario 1; bottom left—climate change scenario 2; bottom right—climate
change scenario 3).

The exposure data was spatialized at 100 m mesh scale. The property values were calculated
based on the information of spatialized population, industry, land use, etc. Figure 5 shows examples
of spatial distribution of total property value with information on land-use distribution and industry
sector distribution. From the picture, the economy concentrated area could be identified, the right part
of the study area was more developed and the property value was relatively higher. Similar spatial
distributions of exposure for different specific property categories and industry sectors were obtained,
which provided the basis for loss estimation and EP curve calculation.
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Figure 5. Spatial distribution of total property value with information of land-use distribution (top left)
and industry sector distribution (bottom left). (C: Construction, M: Manufacturing, EGHW: Electricity,
gas, heat supply, and water, T: Information and communications, TP: Transport and postal activities;
WR: Wholesale and retail trade; FI: Finance and insurance; RR: Real estate and goods rental and leasing;
AF: Accommodations, eating, and drinking services; EL: Education and learning support; MW: Medical,
health care, and welfare; Mu: Multiservice; S: Services; G: Government affairs).

3.2. Estimation of EP Curves

3.2.1. Region-Specific EP Curves

Since both hazard and exposure information were spatially distributed, the estimation of economic
loss and risk assessment could be conducted at basic mesh scales. However, to facilitate the discussion,
loss estimation and risk assessment were aggregated to administrative region scales. Using the method
presented in Section 2.2, region-specific EP curves were obtained. Figure 6 shows the EP curve of
property damage for Nagoya city, where the Y-axis was the exceedance probability and the X-axis
was the estimated property damage as a proportion of total value. Curves with different colors
represent storm surge inundation risk under different climate change scenarios. One observation
from the figure was that in Nagoya city, storm surge inundation risk increases with climate change.
The impact of high-frequency storm surges, such as a 1/50 event, were not significantly different with
or without climate change; however, the impact of low-frequency storm surges, such as a 1/200 event
will dramatically increase under climate change scenarios.
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3.2.2. Industry Sector-Specific EP Curves

The industry sector-specific EP curves were also obtained using the method outlined in Section 2.2.
Figure 7 presents the EP curves of property damage for the manufacturing sector in Nagoya city under
climate change scenarios. We found that the manufacturing sector was sensitive and highly susceptible
to climate change. The green curve was the EP curve without climate change. It changed to blue,
orange, and red under different climate change scenarios. Even for the high-frequency storm surges
(1/50 event), the impact without and with climate change was significantly different.
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3.3. Application of EP Curves to Assess Economic Impacts

EP curves present the complete risk information on storm surges inundation. From the horizontal
direction, the value at risk (VaR) could be obtained. Integrating the EP-curve, expected loss could be
calculated. Comprehensively using region-specific and industry-specific EP curves, the economic impact
of storm surge inundation caused by climate change could be properly evaluated. Three instances of the
application of EP curves re elaborated in Sections 3.3.1–3.3.3.

3.3.1. Identification of Risky Areas

For each district, the EP curves under the four climate scenarios were estimated. Using the
expected economic loss calculated from the EP curve as an index, the spatial distributions of risk were
mapped, as shown in Figure 8. From the figure, it can be seen that there were two districts where the
expected economic loss exceeded 500 million (Japanese yen) and three districts where the expected
loss was between 100 and 500 million (Japanese Yen) under no climate change scenario. With climate
change, the risk level in most districts increased and the number of districts where the expected
economic loss would exceed 500 million (Japanese Yen) increased to five. More specifically, Minato
district and Minami district were particularly vulnerable to a high storm surge risk, even without
climate change, and the severity of the storm surge could be expected to increase with climate change.
Nakagawa district, Midori district, and Tokai city became high-risk areas with climate change.Sustainability 2018, 10, x FOR PEER REVIEW  12 of 18 
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3.3.2. Identification of Vulnerable Industry Sectors

Using expected loss calculated from industry sector-specific EP curves as an index, radar maps
were created to identify the storm surge risk to different industry sectors. Figure 9 presents an overview
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of property damage and business interruption loss in Nagoya city. The inner-most circle denotes
the base line of loss comparison. It denotes the value of the smallest expected economic loss among
all sectors. Each axis denotes an industry sector. The points on the axis denote expected losses.
The number is the multiples of baseline. From this figure, it can be seen that manufacturing, transport
and postal activities, electricity, gas, heat supply and water, and wholesale and retail trade were
the most affected sectors in terms of property damage in Nagoya city. Among all industry sectors,
climate change scenarios 1, 2, and 3, respectively, caused around 3, 3–5, and 5–7 times the expected
loss in the no climate change scenario. Under the climate change scenario 3, the expected property
damage in manufacturing could be more than a thousand times of loss in other industry sectors,
such as finance and insurance, education, and learning support. Similar analysis was conducted for
business interruption losses. Manufacturing, transport and postal activities, wholesale and retail trade,
and services were the most affected sectors in terms of business loss in Nagoya city. It is worth noting
that some industry sectors, such as services, accommodations, food and drinks services, medical,
health care, and welfare, which do not get any attention in terms of property damage, should be given
attention in terms of business interruption losses.
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3.3.3. Comprehensive Assessment of Vulnerable Industry Sectors in Different Areas

The vulnerable sectors could be different for different districts. A comprehensive assessment of
vulnerable industry sectors in different areas were obtained using region-specific and industry-specific
EP curves. With a risk and radar map, the climate change impact in industry sectors in three districts were
compared. As shown in Figure 10, in Minato district, the property damage in manufacturing, electricity,
gas, heat supply and water, and transport and postal activities were severe, but in Kawagoe-cho and
Chita-shi, transport and postal activities were not affected as much. The manufacturing sector was the
most affected sector in most districts, but in Kawagoe district, it was not as significant as electricity,
gas, heat supply, and water sectors. The shape of the radar maps shows different patterns of economic
impact. It was useful to cluster the areas with similar economic impact patterns. Decision makers can
make similar climate change adaptation strategies in the same cluster to save on decision-making cost.
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4. Discussions

This study presents a coherent framework to quantify storm surge inundation risk due to
climate change, represented by four scenarios of climate change, in the coastal area of Ise Bay, Japan.
Simulation-based EP curves were created to represent the storm surge inundation risk and to analyze
the economic impact of climate change. This method can provide a complete version of risk information
for local decision makers to identify the changes in risky areas and vulnerable industry sectors under
climate change scenarios.

Most studies investigating climate change impact on coastal regions have tended to focus on the
change in hazard risk, such as predicting the change in sea level [2], number of typhoons [34], increase
in storm surge height [36], and so on. These studies are significant for understanding climate change
impact on the natural systems. However, to understand the climate change risk to social systems,
further investigations are necessary. This study has two strengths over the previous studies: (i) Risk
is defined by the probability of economic loss, which integrates the information of hazard assessment,
exposure, and vulnerability of property and industry sectors for a better understanding of climate change
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risk to society; and (ii) the simulation-based EP curves, developed to link the probability of hazard
occurrence and the probability of economic loss, can directly shift the focus towards decision making.

In regards to the methodology proposed in this paper, the following issues should be noted.
On hazard simulation, the cascading process from typhoon generation to storm surge and coastal
inundation simulation is presented. The key process to construct the methodology is typhoon ensemble
forecasting. All the simulations and statistical analysis are based on the typhoon generation. On loss
estimation, the property damage and business interruption loss are estimated for industry sectors
in this paper, because double counting can take place if they are simply added. Further, business
interruption loss mentioned in this paper is the primary business interruption loss, which is caused
directly by the inundation. The higher order business interruption loss caused by interruptions in
the business chain is not included. The average ratio between primary business interruption loss
and property damage among all sectors in the study is less than 1:10. The expected loss is used as
a representation of EP curves in discussing the case study results; however, it could make the risks
appear moderate [28]. EP curves provide a complete version of risk information. For different purposes,
the conditional expected value or value at risk (VaR) can be used instead of the expected value.

5. Conclusions

The aim of this study is to propose a simulation-based methodology to construct EP curves and
assess the economic impact to society by climate change. The case study in Ise Bay demonstrates the
proposed methodology. From this research, two conclusions can be made.

The study emphasizes the significance of integration of hazard, exposure, and vulnerability. Risk is
represented by EP curves that integrate the probability distribution of hazards and the probability
distribution of loss caused by the hazards. Simulation is a valid method to resolve the problem of
data deficiency during the construction of EP curves. The proposed methodology is feasible for
application; however, cross-disciplinary cooperation from typhoon ensemble forecasting to economic
loss calculation is necessary.

Through the EP curves in the case study areas, many results can be obtained. Among them,
of interest in our research, three findings are highlighted: (i) The region-specific EP curves show
that risk level is different among districts, and expected losses increase 3–7 times after considering
climate change. In Nagoya city, the impact of high-frequency storm surges, such as a 1/50 event,
are not significant with and without climate change. However, the impact of low-frequency storm
surges, such as a 1/200 event, will dramatically increase after climate change. Minato district and
Minami district are vulnerable to high storm surge risk, even without climate change, and the severity
will increase with climate change. Nakagawa district, Midori district, and Tokai city will become
high-risk areas with climate change. (ii) Industry sector-specific EP curves show that the manufacturing
sector is relatively sensitive and highly susceptible to climate change in the case study area, although
the situation could be different in another district. Manufacturing, transport and postal activities,
electricity, gas, heat supply and water, and wholesale and retail trade are the most affected sectors in
terms of property damage. Manufacturing, transport and postal activities, wholesale and retail trade,
and services are the most affected sectors in terms of business interruption loss. (iii) Comprehensively
using region- and industry-specific EP curves give a better understanding of vulnerable industrial
sectors in different risky areas that facilitate making countermeasures and adaptation strategies for
climate change.
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