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a b s t r a c t
Infrastructure located along the U.S. Atlantic and Gulf coasts is exposed to rising risk of
flooding from sea level rise, increasing storm surge, and subsidence. In these circumstances
coastal management commonly based on 100-year flood maps assuming current climatology is no longer adequate. A dynamic programming cost–benefit analysis is applied to the
adaptation decision, illustrated by application to an energy facility in Galveston Bay. Projections of several global climate models provide inputs to estimates of the change in hurricane and storm surge activity as well as the increase in sea level. The projected rise in
physical flood risk is combined with estimates of flood damage and protection costs in
an analysis of the multi-period nature of adaptation choice. The result is a planning
method, using dynamic programming, which is appropriate for investment and abandonment decisions under rising coastal risk.
! 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Introduction
Many of the world’s coasts have long been subject to the risk of severe storms and subsidence. One of the vulnerable areas
is the U.S. East Coast and the Gulf of Mexico, and there is a long history of investment in large-scale shore protection by public agencies (U.S. Army Corps of Engineers, 2003) and by private entities guarding particular facilities. Traditionally this activity has been informed by 100 and 500-year flood maps, based on current climatology, that are prepared by the Federal
Emergency Management Agency (FEMA, 2014). These maps are inputs to damage calculations—such as FEMA’s HAZUS system for estimating the potential losses from disasters (HAZUS, 2014)—that are used to guide the protection investments. Of
course, protection from events with a particular return period, like the 100-year flood, may be augmented by judgmental
safety factors that take account of the particular economic damage and human lives at risk.
Informing these protection decisions becomes more complex under projected climate change, which brings increasing
risks of rising sea level and hurricane destructive potential (Emanuel, 2005, 2013; Knutson et al., 2010; Woodruff et al.,
2013; Kopp et al., 2014). Flood maps compiled under current climatology no longer convey adequate risk information for
decisions with implications over more than a decade or two.
Many coastal cities are proceeding to plan for increasing flood risks (e.g., Planyc, 2013), as are government agencies and
private firms with vulnerable facilities, but there is limited information and analysis to inform the question as to when it is
best on an economic basis to provide various levels of protection. Several previous efforts have included climate change
impacts in analysis of sea level rise and storm surge. The EU-funded DIVA model (Hinkel and Klein, 2009) has been developed for analysis of vulnerability and adaptation from regional to global levels, assuming scenarios of sea level rise (Hinkel
⇑ Corresponding author. Tel.: +1 617 253 7492; fax: +1 617 253 9845.
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et al., 2014). Other studies—such as those by Condon and Sheng (2012), Yohe et al. (2011) and Tsvetanov and Shah (2012)—
focus on particular locations or facilities, but also are based on scenarios of sea level rise and/or fixed return periods of severe
events. While these approaches produce useful pictures of expected increases in risk and of the adaptation challenge, they do
not represent the rising risk over coming decades in a way that can support consideration of potential future adjustments
when making today’s investment choice. Installing protection prematurely would be wasteful; delaying too long could leave
valuable facilities exposed to costly damage. Also, in some cases adequate protection against rising flood risk could cost more
than the facility is worth, indicating abandonment as the preferred option.
In this paper we explore a method, applying dynamic programming that can be used to analyze investments in adaptation
today when the coastal risk is rising over coming decades in an uncertain way. When there are opportunities for additional
adaptation in the future, determining cost-effective action today requires consideration of these future options, and a main
contribution of this type of analysis is to clarify their role in current choice—illuminating for decision makers the sequentialdecision nature of adaptation in the face of climate change.
To illustrate the method we use the experience of previous flooding events to construct an example of an energy plant
located in one of the most vulnerable locations on the U.S. coast, Galveston Bay. Instead of relying on scenarios of sea level
rise we apply an uncertainty analysis of this risk and combine it with uncertain storm surge, tide and subsidence. The region
is low lying, with much of the energy infrastructure located there now sitting only a few meters above mean sea level. Moreover, in the past century parts of this region have sunk by as much as three meters.
Sequential decisions under rising risk
There are various ways to frame an analysis of adaptation choices. The use of current flood maps in fact involves an
assumption that the probability of different water levels stays constant over time so that, other things being equal, only
today’s risk level is relevant to the decision to invest in protection or increased resiliency. If, as now expected, the risk is projected to increase decade to decade, dependence on current maps can be misleading and thus an expensive procedure. An
economic decision to invest or abandon today depends on both the rate of change in future risk and on options to increase
protection and/or resiliency at some later date. Analysis of this type of choice (i.e., where decisions at each time period affect
those made at other time periods) is usefully formulated in a dynamic programming (DP) framework (Bellman, 1957). DP
applications to decisions under an uncertain climate include resource extraction (Torvanger, 1997) and investment in break
waters (Chao and Hobbs, 1997). It has also been used to study other types of problems, ranging from purchasing decisions
(Kingsman, 1969) to fisheries harvesting (Mendelsohn, 1978).
To formulate the decision to protect a facility from flooding under an uncertain climate future we define the decision
space over a finite horizon (ending in 2100), where choices are made sequentially in discrete time periods. With an objective
of minimizing the present value of the sum of the costs of expected future flood damage and protection, DP starts in the last
time period and, applying Markov decision processes (Puterman, 1994), solves through backwards induction. During each
time period the state of the facility is defined as the level of protection in place (the height of an existing levee in meters
in the example below), and the decision options consist of the additional level of protection (the number of additional
meters) to build, including the option to do nothing. The expected cost at any time is a function of current and future states
and actions, as well as flood damage.
The procedure begins by computing the costs for every possible state for the last time-period. The process then iterates,
moving backwards through each time period, to compute decisions as a function of state, considering the previously calculated future state cost, and computes the least cost option for each state. The algorithm chooses the decision in each state
that results in the cumulative least costs, discounted over time. More formally, we assume a risk-neutral decision maker and
define St to be the state, which is the height of protection at decade t. Action At(St) is defined to be the best action to take in
decade t, yielding the lowest expected costs for decade t in state St, where the action in this context is the height of additional
sea wall built in decade, t. Both St and At are real positive numbers. The cost Ct(St, At) is defined to be the expected costs during decade t given state St and action At. It is a function of the expected costs of damage due to flooding, the costs of building
new protection and maintaining existing protection. The function V t ðSt Þ returns the action At that produces the lowest cost,
Vt in state St. For each time period, we calculate the best action and lowest value such that

At ðSt Þ ¼ arg minAt fC t ðSt ; At Þ þ

1
ð1 þ rÞ10

V tþ1 ðSt þ At Þg;

and

V t ðSt Þ ¼ minAt fC t ðSt ; At Þ þ

1
ð1 þ rÞ10

V tþ1 ðSt þ At Þg;

where r is the discount rate. Ct(St, At) is defined as

C t ðSt ; At Þ ¼ EðDamagejSt ; At Þ þ cm % m % St þ cb % m % At ;
where E(Damage|St, At) is the expected damage during the decadal time period given the state and action made at the beginning of that period, cm is the cost of maintaining one meter–km of sea wall, cb is the cost of building an additional meter–km
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of sea wall, and m is the length of the sea wall in km. Since we choose to look at decisions made every decade, each of these
costs are accumulated over the decade, at discount rate r. Then, by iterating backwards over time, we are able to derive the
optimal levee height for each state.
The estimation of expected damage, E(Damage|St, At), involves a calculation of the probability that the annual maximum
water level above today’s mean sea level, X, during decade t will exceed the height of provided protection, St + At, in a facility
located n meters above today’s mean sea level, P t ðX > n þ St þ At Þ. If we assume damage to be a function of flood height, then
to derive the expected damages over the tth decade we calculate the sum of expected damages for each year (discounted to
the beginning of the decade):

EðDamagejSt ; At Þ ¼

10
X
i¼1

1
ð1 þ rÞi&1

Z

1
x¼nþSt þAt

Dðx & nÞ % P t ðX > xÞdx

The facility’s depth (h)-damage (D) function, D(h) is developed in the context of an example below. To estimate the flood
risk, Pt(X > x), we require information on uncertain sea level rise, storm surge and subsidence at each time period.
Flood risk estimation
Several studies have incorporated climate change impacts into storm surge analysis (e.g., Mousavi et al., 2011; Lin et al.,
2012; Irish and Resio, 2013). Here we apply the method of Lin et al. (2012). We analyze the annual surge risk and how it is
projected to change between current climate, modeled as 1981–2000, and that projected for 2081–2100.1 The analysis begins
with the generation of a large set of synthetic hurricanes that pass through Galveston Bay, driven by climatic conditions represented in the Global Circulation Models (GCMs) used and applying the statistical-deterministic hurricane model of Emanuel
et al. (2006, 2008). Statistics are estimated, first for the intensity of the sample of storms and, after passing through a hydrodynamic model, for the associated storm surge level at the point of interest. The statistics for the storms that do arrive are then
combined with analysis of the frequency of arrival to yield estimates of the annual exceedance probability of storm surge at
different levels above mean sea level. The contribution of local astronomical tide is accounted for, assuming a uniform distribution for storm arrival times.
Sea level rise is modeled as a shifting probability distribution over time (Kopp et al., 2014). Finally, since it is the relative
sea level at the facility that matters, the contribution to future risk of subsidence is added. The ultimate result is an estimate
of the probability that the facility will be flooded in 2000 and in 2100, which can be interpolated for the decades in between.
Storm surge
Storm generation
Each year approximately ten tropical storms develop in the North Atlantic, Caribbean, and Gulf of Mexico. On average six
of these develop into hurricanes, of which only one or two make landfall in the U.S. (NOAA, 1999). Because the record of
hurricane activity is so limited, analysis of storm surge risk cannot be based strictly on historical data. We apply a statistical/deterministic hurricane model developed by Emanuel et al. (2006) and Emanuel et al. (2008) to generate a large number
of synthetic storms, and a hydrodynamic model to generate the storm surges induced by these storms (Lin et al., 2010, 2012).
This statistical/deterministic model does not rely on the limited historical storm data but generates synthetic storms that are
in statistical agreement with observations, and compares well with other methods used to study the effects of climate
change on tropical cyclones (Emanuel et al., 2008; Emanuel, 2010; Knutson et al., 2010).
The procedure starts with the climate conditions estimated by four GCMs, CNRM-CM3, ECHAM, GFDL-CM2.0, and MIROC
3.2, for current conditions and for 2100 under the IPCC AR4 A1B emissions scenario. The data were obtained from the World
Climate Research Program (WCRP) third Climate Model Intercomparison Project (CMIP3) multimodel dataset (Meehl et al.,
2007). The predicted temperature increases by CNRM, ECHAM, GFDL, and MIROC for 2100 are 2.9 "C, 3.4 "C, 2.7 "C, and 4.5 "C,
respectively (see Lickley et al. (2013), for details). For each of the four climate models and for each of the two climate conditions, the statistical/deterministic hurricane model was applied to generate 3000 storms (with the annual frequency estimated) that pass within a 100-km radius of a reference point in Galveston Bay (29.3"N, 94.5"W) with a maximum wind
speed greater than 15 m/s. The output of each storm track provides information on a 2-h time step including storm location,
radius of maximum wind, maximum wind speed, and storm center pressure. The storm maximum wind speed provides one
measure of storm intensity, and the generated 24,000 tracks provide a basis for constructing distributions of storm intensities at Galveston Bay.
As an example, Fig. 1 shows the cumulative distribution of the storm maximum wind speed when the storm is at its closest point to the reference location in the Bay, for the year 2000 for each of the four climate models, conditional on a storm
arriving that meets the minimum wind speed criterion. These distributions then differ between 2000 and 2100 and the
1
These multi-year periods are needed to damp out year-to-year variability in the models used. To simplify the presentation we refer to these periods as 2000
and 2100, respectively.
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Fig. 1. Cumulative maximum wind speed of 3000 storm arrivals at Galveston, for four GCMs under 2000 climate conditions, conditional on storm arrival.

Fig. 2. Cumulative distribution of the maximum windspeed in Galveston Bay (a) and surge height at the site (b), for the GFDL model (Probabilities are
conditional on storm arrival).

results for the GFDL model are presented in Fig. 2a, where the probability of an arriving storm having a maximum wind
speed greater than 70 m/s increases from 0.2 in 2000 to 0.3 in 2100.2 As shown in Lickley et al. (2013) the other three models
produce a smaller change despite projecting greater temperature increases. This difference among models is not surprising
because storm intensity is influenced not only by sea surface temperature but also by other modeled conditions such as vertical
wind shear, humidity, and temperature distribution of the upper ocean, all of which may be projected differently by the GCMs.

Surge simulation
The magnitude of a storm surge is determined by a number of factors including storm surface wind and pressure, as well
as coastal geometry and bathymetry. To simulate the surge resulting from our synthetic storms, we apply the Sea, Lake and
Overland Surges from Hurricane (SLOSH) model (Jelesnianski et al., 1992) used by the Natural Hurricane Center. The SLOSH
model takes the information of storm track, intensity, and size (generated by the hurricane model) and generates surface
wind and pressure fields internally to drive the hydrodynamic modeling. The model applies finite difference methods to
solve the equations and uses a polar grid, which allows for a fine resolution in primary coastal regions of interest and a coarse
resolution in the open ocean. SLOSH is computationally highly efficient and thus is suitable for risk analysis involving large
2
Note that the exceedance probability is (1 – cumulative probability). These plots are conditional on storm arrival and do not show the change in their
frequency (discussed later).
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numbers of possible scenarios. The performance of the SLOSH model has been evaluated using observations of storm surge
heights from past hurricanes (Jarvinen and Gebert, 1986); the accuracy of surge heights predicted by the model is ±20% when
the hurricane is adequately described (Jelesnianski et al., 1992). When compared with higher-resolution finite element models, SLOSH performs well at simulating the maximum storm surge at locations with relatively simple coastal features, though
subgrid-scale variations in the local surge will be averaged out (Lin et al., 2010).
For this study, we use the EGL2 Galveston Bay mesh describing the Bay’s coastal features with a resolution of about 1 km
(with decreasing resolution in the ocean away from the coast). The storm surge heights used in this analysis are the maximum levels generated by SLOSH at the mesh grid point that is closest to our facility site. Note that neither astronomical tide
or sea level rise is included at this point in the surge modeling; they are accounted for in the risk analysis, see below.
We can compare the differences in surge heights across climates by contrasting the probability density function in 2000
with that in 2100 for each model. The results for the GFDL model are shown in Fig. 2b, where the probability of an arriving
surge exceeding 1.5 m at the site is projected to increase from about 5% in 2000 to 7% in 2100. This change is smaller for the
other three models used in our analysis (Lickley et al., 2013).

Annual surge risk
We assume that hurricane arrival times are independent of one another and therefore they follow a Poisson process with
annual frequency as the parameter. Each climate model projects different climate conditions and so produces a different
storm frequency for Galveston Bay. These annual frequencies for each model’s 2000 climate are calibrated to be in statistical
agreement with the historical annual frequency, based on the hurricane database, HURDAT, which is a historical record of
Atlantic storms (Landsea et al., 2004; Landsea and Franklin, 2013), and the frequency for each model under the 2100 climate
is similarly calibrated using the same model-specific adjustment factor (see Lickley et al., 2013).
We use a numerical approximation to derive the surge risk (in terms of annual exceedance probability) from the Poisson
storm arrival process under each climate condition. Define Nk as the number of storm arrivals in one year. We sample
100,000 times by first sampling the number of storms, Nk, from the Poisson distribution (determined by the annual frequency), then drawing Nk times from the distribution of storm surges given an arrival (as shown in Figs. 1 and 2). We store
the highest of the Nk storms for our yearly arrival height; if Nk = 0 then the highest surge height is stored as zero for that
sample.
The amplitude of the astronomical tide in Galveston is approximately 0.3 m. We linearly add tidal heights to the surge
level by randomly drawing from a sinusoidal curve of amplitude 0.3 m, assuming the peak surge have equal probability
to arrive at any time during a tidal cycle.

Sea level rise
The increasing risk from rising global average sea level under climate change is the result of oceanographic processes
(mainly the thermal expansion of ocean water), the loss of mass from glaciers, ice caps and the great continental ice sheets,
and (much smaller) the loss of water from storage on land. Local sea level rise can then vary from this global average because
of isostatic adjustment to loss of glacial mass, tectonics and other local effects. We apply a probabilistic summary of these
effects by Kopp et al. (2014). They estimate median and confidence intervals by time period and region for three alternative
RCPs. We apply their results for Galveston in 2030, 2050 and 2100—using the estimates under RCP4.5, which is close to the
A1B scenario underlying our climate model inputs. Lognormal fits very closely approximate the estimated means and variance, and these fits are applied in the construction below of total flood risk (sea level rise, storm surge, tidal effects and subsidence) as it shifts over coming decades.
The Kopp et al. estimate of sea level rise from 2000 to 2100 can be compared with results achieved by other groups. The
estimated risk for Galveston (median of 105 cm with a 5–95% confidence interval of 75–144 cm) is greater than the judgmental aggregation of sources by the IPCC, which for RCP4.5 shows a global 5–95% interval of 33–62 cm (IPCC, 2013). On
the other hand the estimate for New York City in 2050 (5–95% confidence interval of 19–53 cm) shows lower flood risk compared to an estimate prepared for the City for use in its planning, which has a 10–90% range of 18–88 cm (NPCC2, 2013).

Subsidence
The rate of subsidence will depend on several factors including the rate of extraction of water, natural gas and oil. We
base our estimate on the previous century’s subsidence levels as measured and reported by the U.S. Geological Survey
(Prince and Galloway, 2001). (For a map of Galveston area subsidence levels, see Lickley et al., 2013). The study site sits
in a zone that has seen roughly between 1 and 1.2 m of subsidence between 1906 and 2000. To express this coming century’s
subsidence, we use a triangular distribution and assume a slower rate than in the past, assuming a mean of 0.6 m, a lower
bound of zero and upper bound of 1.2 m. The slower rate reflects an increased understanding of the human impacts on subsidence and therefore an increased ability to mitigate the human influence.
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Fig. 3. Interpolated GFDL model risk profiles for each decade.

Annual flood risk
We combine the estimated distributions of surge (with the tidal effect), sea level rise and local subsidence to yield
estimates of Pt(X > x), the annual flood exceedance probability. For current conditions storms arrive with current intensities and frequencies, with tides considered at current sea level and ground elevation. For the 2100 climate we use a
numerical approximation by sequentially sampling from each of the four risk distributions and linearly adding the sampled annual maximum surge, sea level rises, and subsidence. (Possible non-linear interaction between surge height and
sea level is relatively small; for example, it is shown by Lin et al. (2012) to be negligible for coastal areas in New York).
We repeat this Monte Carlo procedure 10,000 times for both the 2000 and 2100 climates. For intermediate decades we
first linearly interpolate between 2000 and 2100 risks for storm surge and subsidence and for sea level rise we use the
years 2030, 2050 and 2100 distributions estimated by Kopp et al. (2014), and interpolate for the intermediate decades.
We then repeat the Monte Carlo procedure 10,000 times to combine sea level rise with storm and subsidence for each
intermediate decade.
The results for the GFDL model across climates is shown in Fig. 3, where a facility sitting at 1.5 m above current mean sea
level has a 1.27% chance of flood heights reaching or exceeding that facility’s elevation in each year under 2000 conditions,
and this probability increases to 61.5% in 2100. (For results for other climate models, see Lickley et al., 2013).
The adaptation decision
A sample facility
To illustrate the application of the DP cost-benefit analysis approach above, we use the example of a hypothetical oil
refinery located in Galveston Bay (near Texas City) located n = 1.5 m above the 1980–2000 mean sea level. These large oil
processing facilities are owned by very large corporate organizations, which in general self-insure, so the risk-neutral
assumption underlying the DP procedure is a reasonable approximation of their behavior.3
Damage D(h) is modeled as a function of the level of inundation depth in the facility in a flood event, as protected by the
levee, At + St. FEMA in its HAZUS system provides resources to aid in the analysis of flood damage to different types of facilities in the U.S. (Scawthorn et al., 2006; HAZUS, 2014). For this illustration we supplement the FEMA approach with information on reported losses in the flooding of an oil refinery in an earlier hurricane-driven storm surge. The loss is estimated to
be linear in the inundation level, from zero damage if h = 0 to a maximum of $1.5 billion if h P 2.5. For application in the DP
algorithm this linear relation is approximated by a discrete function with 0.1 m increments.
The available adaptation option is assumed to be the construction or augmentation of levee protection,4 and we estimate
the maintenance and operating costs per meter of protection using estimates by Linham et al. (2010). As an example of the
types of economic information required for this type of analysis, the following estimates are employed in the decision
analysis:
3

For discussion of the change in analysis when risk neutrality cannot be assumed and actual fair insurance is not available, see Yohe et al. (2011).
Levees can fail, as observed in New Orleans during Hurricane Katrina. In this analysis we assume no failure and that, once a levee is constructed, it is
maintained through time.
4
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Fig. 4. Optimal levee height across decades generated by each AOGCM. The ‘No CC’ horizontal dotted lines are the optimal levee heights for the 21st century
under the current climate condition.

'
'
'
'

cm = $8900
cb = $1.0 million
m = 5 km
r = 0.05

Maintenance cost per meter–km of levee
Capital cost per meter–km of levee
Length of levee required
Interest rate

We consider adaptation options between 2010 and 2100 and allow structures to be built in each decade (so the last time
period under consideration is 2090–2100). Further, we allow for up to a 10 m levee to be added in 0.5 m increments.
Today’s decision under rising risk
We apply these risk results to seek the decision-making sequence that yields the minimum expected cost: flood damage
plus cost of protection. The derived sequence of decisions for levee height with this model is shown in Fig. 4. The GFDL model
indicates the highest level of protection over time, as it projects the largest increase in storm activity, increasing levee height
to 6.5 m in 2070. CNRM and ECHAM yield a less aggressive protection sequence, ending with 4.5 m, and MIROC leads to a 5 m
levee. The storm patterns projected by the climate models lead to different protection levels even under current climate
(with no additional subsidence over the course of the century), with GFDL and CNRM indicating a 3.5 m levee today and
ECHAM and MIROC suggesting a 2 m levee.
This decision-making framework also can be used to inform abandonment decisions. For example, the associated net
present value of protection costs with the GFDL sequence is $22.8 million. If today’s net present value of the facility were
lower than this amount, then the expected damages would outweigh the benefits of keeping the facility in operation and
the economic response would be to abandon the facility.
The value of careful exploration of the possibility of sequential adaptation over time can be seen in the additional cost if
decision makers base protection decisions today on an estimate of risk in a distant future year. In this example if protection is
extended now to the level indicated as appropriate for conditions expected in 2100, this premature action would add to the
present value of the costs of flood risk (protection plus un-avoided damage) by between $15 and $23 million depending on
the climate model.
Further extensions and application
The analysis approach applied here can serve a number of emerging problems in the adaptation to rising coastal risk.
Firms with vulnerable facilities and city, state and regional authorities faced with issues of zoning, building standards
and efforts to anticipate future investment in protection will need analysis of this type to inform both magnitude and timing
of actions. Moreover, estimation of rising physical flood risk will be useful in framing changes needed in the FEMA flood
mapping system and the flood insurance programs that are tied to it.
Further development of the method can incorporate more information, such as consideration of economies of scale in the
construction of protection and adding the risk of failure. Also, the analysis can be extended to take account of potential
changes over time in the cost of a flood event, as prices and physical facilities change, and to consider uncertainty in the
emissions projections input to the climate analysis.
The sample application used here also highlights research on physical flood risk that will increase the usefulness of this
approach to decision support. These would include the estimation of the decade-to-decade evolution of risk over time as displayed in Fig. 3. Improvements in the computational efficiency of higher-resolution hydrodynamic models (e.g., Westerink
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et al., 2008; Dietrich et al., 2011) will improve surge analysis, and non-linear interaction between flood components may be
incorporated numerically. Most important, all studies of coastal risk will benefit from ongoing research and analysis of sea
level rise, especially the behavior of the continental ice sheets.
These detailed improvements may not be available in the near future and may or may not be needed depending on the
application. What is most important is to make clear the limitations of choices based on 100-year flood maps under current
climatology and to create an analytical environment that helps decision makers think about adaptation to projected climate
change in terms of a sequence of actions under rising risk.
Acknowledgments
Thanks are due to Professor Kerry Emanuel for guidance in the application of his hurricane analysis. Any errors in its
application are attributable to the authors. We gratefully acknowledge financial support for this work provided by the
MIT Joint Program on the Science and Policy of Global Change through a consortium of industrial sponsors and Federal grants
with special support from the U.S. Department of Energy (DE-FE02-94ER61937). N.L. was supported by the NOAA Climate
and Global Change Postdoctoral Fellowship Program, administered by the University Corporation for Atmospheric Research,
and Princeton University’s Andlinger Center for Energy and the Environment.
References
Bellman, R., 1957. Dynamic Programming. Princeton University Press (Republished 2003, Dover Publications).
Chao, P., Hobbs, B., 1997. Decision analysis of shoreline protection under climate change uncertainty. Water Resour. Res. 33 (4), 817–829.
Condon, A., Sheng, Y., 2012. Evaluation of coastal inundation hazard for present and future climates. Nat. Hazards 62 (2), 345–373.
Dietrich, J., Westerink, J., Kennedy, A., Smith, J., Jensen, R., Zijlema, M., Holthuijsen, L., Dawson, C., Luettich Jr., R., Powell, M., et al, 2011. Hurricane Gustav
(2008) waves and storm surge: hindcast, synoptic analysis, and validation in Southern Louisiana. Mon. Weather Rev. 139 (8), 2488–2522.
Emanuel, K., 2005. Increasing destructiveness of tropical cyclones over the past 30 years. Nature 436 (7051), 686–688.
Emanuel, K., 2010. Tropical cyclone activity downscaled from NOAA-CIRES reanalysis, 1908–1958. J. Adv. Model. Earth Syst. 2 (1).
Emanuel, K., 2013. Downscaling CMIP5 climate models shows increased tropical cyclone activity over the 21st century. PNAS 110 (30), 12219–12224.
Emanuel, K., Ravela, S., Vivant, E., Risi, C., 2006. A statistical deterministic approach to hurricane risk assessment. Bull. Am. Meteorol. Soc. 87 (3), 299–314.
Emanuel, K., Sundararajan, R., Williams, J., 2008. Hurricanes and global warming. Bull. Am. Meteorol. Soc. 89, 347–367.
FEMA [Federal Emergency Management Agency], 2014. FEMA Flood Map Service Center (MSC). <https://www.fema.gov/national-flood-insurance-program/
fema-flood-map-service-center-msc>.
HAZUS, 2014. The Federal Emergency Management Agency’s (FEMA’s) Methodology for Estimating Potential Losses from Disasters. <http://www.fema.gov/
hazus>.
Hinkel, J., Klein, R., 2009. Integrating knowledge to assess coastal vulnerability to sea-level rise: the development of the DIVA tool. Global Environ. Change
19, 384–395.
Hinkel, J., Lincke, D., Vafedis, A., Parrette, M., Nichols, R., Tol, R., Marzeion, B., Fettweis, X., Ionescu, C., Leverman, A., 2014. Coastal flood damage and
adaptation cost under 21st century sea-level rise. PNAS 111 (9), 3297–3392.
IPCC, 2013. Working Group I Contribution to the IPCC Fifth Assessment Report, Climate Change 2013: The Physical Basis. <http://www.ipcc.ch/report/ar5/
wg1/.Umgc4yRTBj0>.
Irish, J., Resio, D., 2013. A method for estimating future hurricane flood probabilities and associated uncertainty. J. Waterway, Port, Coastal, Ocean Eng. 139
(2), 126–134.
Jarvinen, B., Gebert, J., 1986. Comparison of Observed Versus SLOSH Model Computed Storm Surge Hydrographs along the Delaware and New Jersey
Shorelines for Hurricane Gloria, September 1985. NOAA Tech. Memo. NWS NHC-32. National Hurricane Center, Coral Gables, FL. <http://www.nhc.noaa.
gov/pdf/NWS-NHC-1986-32.pdf>.
Jelesnianski, C., Chen, J., Shaffer, W., 1992. SLOSH: Sea, Lake, and Overland Surges from Hurricanes. NOAA Tech. Report NWS 48. National Weather Service,
Silver Spring, MD. <http://slosh.nws.noaa.gov/sloshPub/pubs/SLOSH_TR48.pdf>.
Kingsman, B., 1969. Commodity Purchasing. Oper. Res. Quart. 22 (1), 59–79.
Knutson, T., McBride, J., Chan, J., Emanuel, K., Holland, G., Landsea, C., Held, I., Kossin, J., Srivastava, A., Sugi, M., 2010. Tropical cyclones and climate change.
Nat. Geosci. 3 (3), 157–163.
Kopp, R., Horton, R., Little, C., Mitrovica, J., Oppenheimer, M., Rasmussen, Strauss, B., Tebaldi, C., 2014. Probabilistic 21st and 22nd century sea-level
projections at a global network of tide-gauge sites. Earth’s Future 2 (8), 383–406.
Landsea, C., Franklin, J., 2013. Atlantic hurricane database uncertainty and presentation of a new database format. Mon. Weather Rev. 141 (10), 3576–3592.
Landsea, C., Anderson, C., Charles, N., Clark, G., Dunion, J., Fernandez-Partagas, J., Hungerford, P., Neumann, C., Zimmer, M., 2004. The Atlantic hurricane
database re-analysis project: documentation for the 1851–1910 alterations and additions to the HURDAT database. In: Murnane, R.J., Liu, K.-B. (Eds.),
Hurricanes and Typhoons: Past, Present and Future. Columbia Univ Press, Columbia, pp. 177–221.
Lickley, M., Lin, N., Jacoby, H., 2013. Protection of Coastal Infrastructure under Rising Flood Risk. MIT Joint Program on the Science and Policy of Global
Change, Report No. 240. <http://globalchange.mit.edu/files/document/MITJPSPGC_Rpt240.pdf>.
Lin, N., Emanuel, K., Smith, J., Vanmarcke, E., 2010. Risk assessment of hurricane storm surge for New York City. J. Geophys. Res. D18 (D18), 121.
Lin, N., Emanuel, K., Oppenheimer, M., Vanmarcke, E., 2012. Physically based assessment of hurricane surge threat under climate change. Nat. Clim. Change
2 (6), 462–467.
Linham, M., Green, C., Nicholls, R., 2010. Costs of Adaptation to the Effects of Climate Change in the World’s Large Port Cities. Work stream 2, Report 14 of
the AVOID programme (AV/WS2/D1/R14). <www.avoid.uk.net>.
Meehl, G., Covery, C., Delworth, T., Latif, M., McAvaney, B., Mitchell, J., Stouffer, R., Taylor, K., 2007. The WCRP CMIP3 multi-model dataset: a new era in
climate change research. Bull. Am. Meteorol. Soc. 88, 1383–1394.
Mendelsohn, R., 1978. Optimal harvesting strategies for stochastic single species, multiage class models. Math. Biosci. 41 (3), 159–174.
Mousavi, M., Irish, J., Frey, A., Olivera, F., Edge, B., 2011. Global warming and hurricanes: the potential impact of hurricane intensification and sea level rise
on coastal flooding. Clim. Change 104 (3–4), 575–597.
NOAA [National Oceanic and Atmospheric Administration], 1999. Hurricane Basics. <https://www.hsdl.org/?view&did=34038>.
NPCC2, 2013. Climate Risk Information 2013: Observations, Climate Change Projections, and Maps, Report of the New York City Panel on Climate Change.
<http://www.nyc.gov/html/planyc2030/downloads/pdf/npcc_climate_risk_information_2013_report.pdf>.
Planyc, 2013. Planyc, A Stronger, More Resilient New York. <http://www.nycedc.com/resource/stronger-more-resilient-new-York>.
Prince, K., Galloway, D., 2001. U.S. Geological Survey Subsidence Interest Group Conference, Proceedings of the Technical Meeting, Galveston, Texas,
November 27-29, 2001. US Geological Survey Open File Report 03-308. <http://pubs.usgs.gov/of/2003/ofr03-308/pdf/OFR03-308.pdf>.
Puterman, M., 1994. Markov Decision Processes: Discrete Stochastic Dynamic Programming. John Wiley and Sons, New York, NY.

26

M.J. Lickley et al. / Climate Risk Management 6 (2014) 18–26

Scawthorn, C., Flores, P., Blais, N., Seligson, H., Tate, E., Chang, S., Mifflin, E., Thomas, W., Murphy, J., Jones, C., Lawrence, M., 2006. HAZUS-MH flood loss
estimation methodology—II. Damage and loss assessment. Nat. Hazards Rev. 7 (2), 72–81.
Torvanger, A., 1997. Uncertain climate change in an intergenerational planning model. Environ. Resource Econ. 9 (1), 103–124.
Tsvetanov, T., Shah, F., 2012. The Economics of Protection against Sea-Level Rise: An Application to Coastal Properties in Connecticut, U. of Connecticut,
Zwick Center for Food and Resource Policy, Working Paper Series No. 10. <http://www.zwickcenter.uconn.edu/documents/wp10.pdf>.
U.S. Army Corps of Engineers, 2003. The Corps of Engineers and Shore Protection: History, Projects, Costs, IWR Report 03=NSMS-1. <http://www.
nationalshorelinemanagement.us/docs/National_Shoreline_Study_IWR03-NSMS-1.pdf>.
Westerink, J., Luettich, R., Feyen, J., Atkinson, J., Dawson, C., Roberts, H., Powell, M., Dunion, J., Kubatko, E., Pourtaheri, H., 2008. A basin-to-channel-scale
unstructured grid hurricane storm surge model applied to Southern Louisiana. Mon. Weather Rev. 136 (3), 833–864.
Woodruff, J., Irish, J., Camargo, S., 2013. Coastal flooding by tropical cyclones and sea-level rise. Nature 504 (7478), 44–52.
Yohe, G., Knee, K., Kirshen, P., 2011. On the economics of coastal adaptation in an uncertain world. Clim. Change 106, 71–92.

MIT Joint Program on the Science and Policy of Global Change - REPRINT SERIES
FOR THE COMPLETE LIST OF REPRINT TITLES: http://globalchange.mit.edu/research/publications/reprints
2014-8 Implications of high renewable electricity
penetration in the U.S. for water use, greenhouse gas
emissions, land-use, and materials supply, Arent, D., J. Pless,
T. Mai, R. Wiser, M. Hand, S. Baldwin, G. Heath, J. Macknick,
M. Bazilian, A. Schlosser and P. Denholm, Applied Energy,
123(June): 368–377 (2014)
2014-9 The energy and CO2 emissions impact of renewable
energy development in China, Qi, T., X. Zhang and V.J. Karplus,
Energy Policy, 68(May): 60–69 (2014)
2014-10 A framework for modeling uncertainty in regional
climate change, Monier, E., X. Gao, J.R. Scott, A.P. Sokolov and
C.A. Schlosser, Climatic Change, online first (2014)
2014-11 Markets versus Regulation: The Efficiency and
Distributional Impacts of U.S. Climate Policy Proposals,
Rausch, S. and V.J. Karplus, Energy Journal, 35(SI1): 199–227 (2014)
2014-12 How important is diversity for capturing
environmental-change responses in ecosystem models?
Prowe, A. E. F., M. Pahlow, S. Dutkiewicz and A. Oschlies,
Biogeosciences, 11: 3397–3407 (2014)
2014-13 Water Consumption Footprint and Land
Requirements of Large-Scale Alternative Diesel and Jet Fuel
Production, Staples, M.D., H. Olcay, R. Malina, P. Trivedi,
M.N. Pearlson, K. Strzepek, S.V. Paltsev, C. Wollersheim and
S.R.H. Barrett, Environmental Science & Technology, 47:
12557−12565 (2013)
2014-14 The Potential Wind Power Resource in Australia:
A New Perspective, Hallgren, W., U.B. Gunturu and A. Schlosser,
PLoS ONE, 9(7): e99608, doi: 10.1371/journal.pone.0099608 (2014)
2014-15 Trend analysis from 1970 to 2008 and model
evaluation of EDGARv4 global gridded anthropogenic
mercury emissions, Muntean, M., G. Janssens-Maenhout, S. Song,
N.E. Selin, J.G.J. Olivier, D. Guizzardi, R. Maas and F. Dentener,
Science of the Total Environment, 494-495(2014): 337-350 (2014)
2014-16 The future of global water stress: An integrated
assessment, Schlosser, C.A., K. Strzepek, X. Gao, C. Fant, É. Blanc,
S. Paltsev, H. Jacoby, J. Reilly and A. Gueneau, Earth’s Future, 2,
online first (doi: 10.1002/2014EF000238) (2014)
2014-17 Modeling U.S. water resources under climate
change, Blanc, É., K. Strzepek, A. Schlosser, H. Jacoby,
A. Gueneau, C. Fant, S. Rausch and J. Reilly, Earth’s Future, 2(4):
197–244 (doi: 10.1002/2013EF000214) (2014)
2014-18 Compact organizational space and technological
catch-up: Comparison of China’s three leading automotive
groups, Nam, K.-M., Research Policy, online first
(doi: 10.1002/2013EF000214) (2014)
2014-19 Synergy between pollution and carbon emissions
control: Comparing China and the United States, Nam, K.‑M.,
C.J. Waugh, S. Paltsev, J.M. Reilly and V.J. Karplus, Energy
Economics, 46(November): 186–201 (2014)

2014-20 The ocean’s role in the transient response of climate
to abrupt greenhouse gas forcing, Marshall, J., J.R. Scott,
K.C. Armour, J.-M. Campin, M. Kelley and A. Romanou, Climate
Dynamics, online first (doi: 10.1007/s00382-014-2308-0) (2014)
2014-21 The ocean’s role in polar climate change:
asymmetric Arctic and Antarctic responses to greenhouse
gas and ozone forcing, Marshall, J., K.C. Armour, J.R. Scott,
Y. Kostov, U. Hausmann, D. Ferreira, T.G. Shepherd and C.M. Bitz,
Philosophical Transactions of the Royal Society A, 372: 20130040
(2014).
2014-22 Emissions trading in China: Progress and
prospects, Zhang, D., V.J. Karplus, C. Cassisa and X. Zhang,
Energy Policy, 75(December): 9–16 (2014)
2014-23 The mercury game: evaluating a negotiation
simulation that teaches students about science-policy
interactions, Stokes, L.C. and N.E. Selin, Journal of Environmental
Studies & Sciences, online first (doi:10.1007/s13412-014-0183-y)
(2014)
2014-24 Climate Change and Economic Growth Prospects
for Malawi: An Uncertainty Approach, Arndt, C., C.A. Schlosser,
K.Strzepek and J. Thurlow, Journal of African Economies,
23(Suppl 2): ii83–ii107 (2014)
2014-25 Antarctic ice sheet fertilises the Southern Ocean,
Death, R., J.L.Wadham, F. Monteiro, A.M. Le Brocq, M. Tranter,
A. Ridgwell, S. Dutkiewicz and R. Raiswell, Biogeosciences, 11,
2635–2644 (2014)
2014-26 Understanding predicted shifts in diazotroph
biogeography using resource competition theory,
Dutkiewicz, S., B.A. Ward, J.R. Scott and M.J. Follows,
Biogeosciences, 11, 5445–5461 (2014)
2014-27 Coupling the high-complexity land surface model
ACASA to the mesoscale model WRF, L. Xu, R.D. Pyles, K.T. Paw
U, S.H. Chen and E. Monier, Geoscientific Model Development, 7,
2917–2932 (2014)
2015-1 Double Impact: Why China Needs Separate But
Coordinated Air Pollution and CO2 Reduction Strategies,
Karplus, V.J., Paulson Papers on Energy and Environment (2015)
2015-2 Behavior of the aggregate wind resource in the ISO
regions in the United States, Gunturu, U.B. and C.A. Schlosser,
Applied Energy, 144(April): 175–181 (2015)
2015-3 Analysis of coastal protection under rising
flood risk, Lickley, M.J., N. Lin and H.D. Jacoby, Climate Risk
Management, 6(2014): 18–26 (2015)

For limited quantities, Joint Program Reprints are available free of charge. Contact the Joint Program Office to order.

