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Abstract. Various climate change effects pose increasing risks to our built environment and infras-
tructure. Existing approaches for managing climate-related implications typically employ a risk-
based, cost-benefit analysis that evaluates a comprehensive set of mitigation strategies against a wide
range of simulated possible future scenarios. However, the problem is characterized by substantial
aleatoric as well as epistemic uncertainties, and cost-benefit strategies can often lead to policies that
might be optimal in an average sense, over the mean of anticipated future scenarios, but cannot of-
fer optimal adaptive solutions based on the actual climate effects that eventually evolve in time. To
address this challenge, we instead formulate climate risk management and related adaptive infras-
tructure planning as a formal dynamic framework for sequential decision-making. In particular, our
methodology follows a closed-loop stochastic control-based approach using Markov Decision Pro-
cesses (MDP) and Partially Observable MDPs (POMDPs), taking real-time data into account for
evaluating the evolving conditions, selecting the best possible life-cycle actions in time. The devel-
oped framework is mainly illustrated here through two coastal adaptation applications. Both appli-
cations consider the storm surge and sea-level rise hazards as well as a set of diverse action types,
including grey- as well as nature-based solutions. Environmental impacts, such as carbon emissions
and sequestration, via the notion of the social cost of carbon, are also accounted for, offering a holistic
approach that addresses both the economic and environmental dimensions of coastal flood protection.

1 INTRODUCTION

Climate change is impacting every region globally, with rising greenhouse gas emissions causing
global temperatures to increase. This results in sea level rise (SLR) through land ice loss and ocean
warming [1], posing severe risks to coastal communities that are projected to worsen by the century’s
end. Effective flood protection policies are urgently needed, yet optimizing them is challenging due
to constrained resources and multiple layers of uncertainty [2, 3]. These uncertainties include nat-
ural variability in climate processes, imperfect knowledge of climate models, potential updates to
these models, future trajectory evolution under assumed scenarios, and time-dependent observational
limitations. While traditional planning, particularly among federal agencies, has relied on static cost-
benefit analysis (CBA) [4, 5], static optimization frameworks often yield a single policy optimized
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for average or percentile-based climate projections. Such approaches, focused on methods like ge-
netic algorithms [6], decision trees [2], and non-linear programming [7], fail to incorporate real-time
data, leaving policies vulnerable to sub-optimality as actual climate trajectories deviate from assumed
projection means (or chosen percentiles) [1], as shown in Figure 1. Dynamic approaches leverag-
ing evolving information are thus critical for refining risk assessments and addressing the associated
uncertainties effectively.

Adaptive planning approaches that adjust policy actions based on evolving climate conditions have
gained attention in the literature, employing methods such as direct policy search (DPS) [9, 10], real
options analysis (ROA) [11, 12], and stochastic control [13, 14, 15]. These methods have primar-
ily been applied to levee construction and heightening scenarios, where a single levee is incremen-
tally modified over time. More recent studies leverage stochastic control frameworks, formulating
decision-making as Markov Decision Processes (MDPs) or Partially Observable MDPs (POMDPs),
with state variables representing conditions and decisions corresponding to infrastructure actions.
These approaches can optimize expected costs or rewards over a decision horizon by determining
actions conditioned on observed or inferred states, offering global optimality guarantees, within
the framework settings, through dynamic programming and closed-loop stochastic control. Notable
works, however, still primarily focus on levee heightening applications [13, 14, 16], not demonstrating
the feasible broader applicability to scenarios involving diverse actions and/or more complex systems.

This work introduces significant advancements in adaptive planning and a solution framework for
optimal life-cycle infrastructure adaptation under climate change. Leveraging the mathematical foun-
dations of MDPs/POMDPs, we provide a general, adaptable, and extensible approach with higher-
fidelity representations compared to existing methods. Our framework integrates current IPCC mod-
els [1], accommodates diverse action types (e.g., floodwalls, nature-based infrastructure, seawalls),
addresses model uncertainties, and incorporates the social cost of carbon. As shown in Figure 1B,
integrating annual environmental data significantly reduces uncertainty.

The proposed framework applies MDPs to optimize coastal infrastructure adaptation under storm
surge and sea level rise (SLR) risks across two distinct applications. An MDP, defined as a 5-element
tuple

〈
S,A, P,R, γ

〉
, models a controlled stochastic process where the system state s ∈ S transitions

probabilistically to s′ based on Markovian dynamics P (s′|s, a) after action a ∈ A, yielding a reward
or cost R(s, a). In this framework, the states are defined using discretized SLR states, storm surge
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Figure 1: The representative uncertainty involved in decision-making. Figure 1A illustrates the uncer-
tainty range of the IPCC AR6 climate projection model (SSP5-8.5) from the current time step, while
Figure 1B depicts uncertainty bands for sequential decision-making at each step [8].
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levels, and infrastructure conditions. The SLR states evolve probabilistically according to IPCC AR6
projections [1], with the infrastructure states shaped by the history of past adaptation actions. Unlike
basic levee heightening policies, our framework accounts for the cumulative effects of prior actions.
In this work, related costs at each time-step consist of flooding risks, maintenance of pre-existing
flood protection assets, and implementation costs of new flood protection measures associated with
the action being taken. Thus, the optimal value function V ∗, representing the expected γ-discounted
rewards under the optimal policy π∗ from a given system state s, is given as:

V ∗ (s) = max
a∈A

[{
Ri (s, a) +Rm (s, a) + γ

∑
s′∈S

p (s′|s, a)Rf (s
′)

}
+ γ

∑
s′∈S

p (s′|s, a)V ∗ (s′)

]
(1)

where Ri, Rm, and Rf are costs associated with the implementation of the new flood measures, main-
tenance of existing measures, and flood-induced damages, respectively. Carbon emissions associated
with each one of these components and related implications are also considered in our framework.

In this work, we also extend our framework to a POMDP formulation, where hidden states corre-
spond to the underlying climate models, represented by the Shared Socio-economic Pathways (SSPs),
inferred probabilistically from observed SLR levels. The belief state, b, updated using Bayes’ rule,
encapsulates a probability distribution over SSPs, serving as a sufficient statistic for past observations
and guiding optimal decision-making [17].

The environmental impacts of coastal flood protection are also often overlooked. While studies
highlight the economic costs and benefits of protection [18, 19], few quantify the life-cycle environ-
mental impacts [20]. This work also fills this gap by introducing a dynamic framework that incorpo-
rates life-cycle greenhouse gas (GHG) emissions, balancing economic and environmental factors in
flood risk mitigation.

2 SEA LEVEL RISE AND STORM SURGE MODELS

In this work, the MDP state variables are defined as the possible total peak water levels that can
be realized in time, which incorporate the combination of local sea level rise and storm surge (from
hurricane events, for example). The SLR model leverages CMIP6 projections from IPCC AR6 [1] for
the Battery tidal gauge in NYC, extending through 2150, as shown in Figure 2A. These projections
consider various climate scenarios based on SSPs and utilizes 21 Global Climate Models (GCMs)
per SSP to capture epistemic uncertainties effectively. Projections follow a chosen percentile within
the likely range, accounting for long-term trends from thermal expansion and ice sheet melt, while
short-term variability is modeled using a regression of NOAA historical data [21] with Gaussian
noise, as shown in Figure 2B. Simulations combining IPCC projections and historical variability are
shown in Figure 2C. Storm-driven surges are modeled as annual maximum surge heights using a
generalized extreme value (GEV) distribution, with parameters estimated from Battery tidal gauge
data after removing local SLR trends, resulting in a 100-year surge level of 2.62 m above the Mean
Higher High Water (MHHW) datum, consistent with literature [22], as shown in Figure 2D.
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Figure 2: (A) Regional sea level change for NYC, with likely range (5th-95th percentiles). (B) Histor-
ical variability, fitted polynomials, and Gaussian-distributed hindcast samples. (C) SLR realizations
from IPCC SSP2-4.5 projections with historical variability. (D) GEV probability density function for
storm surges [8].

3 RESULTS

This paper examines adaptive flood management in two distinct coastal applications. Leveraging
our MDP framework, annual peak water levels are used as state variables to inform actions, while
future SLR is mainly modeled under the SSP 2-4.5 scenario.

3.1 Application 1: Adaptive Planning for Individual Coastal Regions

Here, we explore two coastal settings: a coastal city (inspired by Manhattan) and a coastal com-
munity (inspired by Staten Island).

3.1.1 Coastal City Setting

This study focuses on decision-making for flood risk mitigation in a coastal city with no pre-
existing buffers, where fixed-height floodwalls are erected. Sample MDP policies (Figure 3A) demon-
strate the urgency of adaptive flood risk mitigation. The lower-elevation floodwall is constructed
early, reflecting the city’s vulnerability, with potential flood damages reaching $1 million per meter
of shoreline at an 8.5m flood height, while the higher-elevation floodwall is built only under extreme
SLR conditions. The absence of existing protective assets, such as seawalls or wetlands, underscores
the need for proactive interventions. Monte Carlo simulations (1,000 runs) validate the effectiveness
of the computed MDP policies, achieving lower total costs compared to static baselines (Figure 3B),
with savings
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Figure 3: (A) Two policy realizations with shaded uncertainty bands associated with the SLR pro-
cess: the second floodwall is built only under rapid SLR progression. (B) Expected normalized costs
of MDP-based policy compared to static baselines (DN-no measures taken, F1- only floodwall F1
constructed, F2- only floodwall F2 constructed, and F1, F2- both floodwalls constructed at the begin-
ning of planning horizon). (C) and (D) show breakdowns of monetary ($) and carbon costs, including
construction, maintenance, and flood damage (construction/maintenance costs amplified for clarity)
[8].
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Figure 4: (A) shows two policy realizations where the salt marsh is constructed immediately, followed
by adaptive construction of the higher floodwall. (B) Expected normalized costs of MDP-based policy
versus static baselines (DN-no measures taken, SM- only salt marsh constructed, F- only floodwall
F constructed, and SM, F- both measures constructed at the beginning of the planning horizon). (C)
Monetary costs (construction, maintenance, flood damage) and (D) carbon costs, including uptake
rewards, in $ [8].
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exceeding $0.03 million per meter of coastline. Cost breakdowns (Figure 3C) show monetary ex-
penses across construction, maintenance, and flood damages, while carbon costs (Figure 3D) reveal
the significant role of carbon emissions in decision-making. The cumulative carbon costs, influenced
by future increases in the social cost of carbon [23], approach monetary costs, highlighting their
substantial impact on driving adaptive policies. We also explore a scenario where shoreline land is
repurposed into a multifunctional green zone, integrated with an existing seawall, to provide cost
savings and carbon sequestration benefits. In this case, adaptive policies consistently prioritize the
timely development of the green zone in response to rising water levels, eliminating the need for the
higher-elevation floodwall. Representative policies and additional details are provided in [8].

3.1.2 Coastal Community Setting

This coastal low-lying area, inspired by Staten Island, NY features a flatter terrain than the Manhattan-
inspired urban setting. While more flood-prone, the resulting damages are lower. In this coastal com-
munity setting, dynamic actions include constructing a fixed-height floodwall (1.5 m) or selecting
nature-based infrastructure, such as salt marshes or oyster reefs. These green infrastructure options
provide wave attenuation along with some carbon sequestration benefits.

Figure 4A illustrates sample MDP policy realizations for the salt marsh scenario, with similar
policies observed for the oyster reef scenario as detailed in [8, 24]. In both cases, the floodwall is
constructed when sea levels approach 0.5 m. Normalized total policy costs for the salt marsh scenario
are depicted in Figure 4B, with detailed monetary costs in Figure 4C and carbon costs in Figure 4D.
The oyster reef scenario results, available in [8], reveal lower overall costs due to superior flood atten-
uation, though with negligible carbon uptake compared to the salt marsh. However, the salt marsh’s
carbon uptake is insufficient to offset higher flood damage caused by its reduced wave attenuation.
MDP-based policies consistently yield lower overall costs, achieving savings of approximately $0.018
million per meter of coastline for the salt marsh scenario and $0.01 million for the oyster reef scenario,
relative to static baselines. These findings confirm that MDP-based solutions effectively converge to
globally optimal outcomes, even in complex scenarios with closely competing local solutions.

3.1.3 Effect of Social Cost of Carbon and Climate Model

The social cost of carbon quantifies the economic impact of greenhouse gas emissions on society,
accounting for both present and future climate change damages [25, 26]. The Environmental Pro-
tection Agency (EPA) has proposed raising this estimate to $190 per ton, nearly four times higher
than the current value of $51 per ton [27]. In this work, the effect of a higher social cost of carbon
on adaptation policies in the coastal city setting with two floodwalls is analyzed. An increase in the
social cost of carbon leads to a higher frequency of constructing the floodwall at the higher elevation,
as shown in Figure 5A, and encourages earlier interventions, as reflected in Figure 5B.

To study the effect of the underlying climate model on computed policies, two policies were trained
on different climate model scenarios—one based on SSP2-4.5 and the other on the more intense SSP5-
8.5 scenario. Since both policies are driven by real-time observations, Figure 5C shows that they are
similar when climate trajectories align, demonstrating that the MDP-based framework can produce
similar adaptive actions under similar conditions, even with different models. However, the models
only begin to significantly diverge after 2100. To incorporate climate model uncertainty, the frame-
work was extended to a POMDP-based formulation, where SSP2-4.5 and SSP5-8.5 are considered

6



Ashmita Bhattacharya, Aditya Sharma, Gordon P. Warn and Kostas G. Papakonstantinou

hidden states. Bayesian principles are used to update beliefs about the models based on observed
SLR, as shown in Figures 5D-F. For a given SLR trajectory, the belief evolution indicates how dif-
ferent SLR patterns affect the likelihood of each model. The POMDP policies show similar behavior
to MDP policies, with higher floodwalls constructed under higher SLR scenarios. While the models’
effects did not significantly influence the derived policy in this study, a more detailed future analysis
could assess how diverse climate outputs affect MDP/POMDP decision-making performance.

3.2 Application 2: Adaptive Planning for Interconnected Coastal Regions

While Section 3.1 demonstrated the effectiveness of adaptive decision-making considering indi-
vidual regions, infrastructure systems in coastal environments can also be inherently interconnected,
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Figure 5: (A) Impact of social cost of carbon (SCC) on floodwall construction frequency and (B)
timing: no SCC, current ($51/ton), and proposed ($190/ton) values. (C) Policies trained on different
SSPs exhibit similar behavior under matching climate observations. (D-F) Belief evolution over SSP
scenarios every 5 years, based on three observed SLR trajectories, with actions F1 and F2 highlighted.
F1 and F2 in the legends of Figures (D), (E) and (F) correspond to the actions F1 and F2 being taken,
respectively [8].
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Figure 6: NYC coastal environment.

forming complex networks where the flooding in one area may influence, or be influenced by, condi-
tions in neighboring regions. In such interdependent infrastructure systems, it is essential to consider
coordinated and system-wide optimal adaptation policies, since ignoring system effects may lead to
underestimation of cascading flood risks and policies that are optimal only in isolation.

To investigate and demonstrate the effectiveness of adaptive flood management considering inter-
connected systems, this application offers a first, conceptual modeling of the coastal environment of
New York City (NYC) as a system composed of its five boroughs, following their topographical fea-
tures and economic exposure. Adaptation actions across the city characterize a diverse set of feasible
strategies that reflect local shoreline typologies, land-use constraints, and protection needs across the
different boroughs. For the Bronx and Brooklyn, two elevation-tiered floodwalls (F1 and F2) are con-
sidered, enabling staged responses to observed water levels. Queens features the option of deploying
oyster reefs (OR) to attenuate incoming waves and a higher elevation floodwall (F2). Staten Island,
characterized by its low elevation and open coastal setting, considers the construction of a salt marsh
(SM) and a higher floodwall (F2) as viable protection measures. For Manhattan, which is already pro-
tected by a 1.2 meter seawall, a multi-functional green resistance (GR) zone and a higher-elevation
floodwall (F2) are considered. System-level interactions are captured by modeling flooding interac-
tions between relevant boroughs depending upon spatial proximity, shared infrastructure, and relative
elevation differences, as shown in Figure 6.

For this preliminary application, two sample realizations of the computed MDP policies are shown
in Figure 7A. As seen, the construction of higher floodwalls is dependent on the observed SLR trajec-
tories. Although the vulnerabilities of the different boroughs are quite different, the critical floodwall
(F2) for all system components is constructed within a similar time frame to prevent lateral flooding
effects. Given the high vulnerabilities and low-lying nature of Staten Island, Brooklyn, and Queens,
the corresponding adaptation actions available at the lower elevations (SM, F1, and OR) are con-
structed at the beginning of the planning horizon. For Manhattan, the multi-purpose green resistance
is optimally constructed in time according to the evolving condition.
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Figure 7: (A) Policy realizations for the NYC coastal system demonstrating adaptive actions at dif-
ferent times in different boroughs depending upon the observed water levels. (B) Total system costs
under different planning strategies. (C) Decomposition of individual cost components, including con-
struction, maintenance, flood damages, and carbon costs across all five boroughs.

The overall expected system cost achieved by the MDP policy for this application is compared in
Figure 7B with the corresponding static, cost-benefit baseline. By dynamically adjusting to observed
conditions, the MDP policy achieves the lowest total cost, saving over $0.134 million per unit length
of coastline compared to the closest static solution. The decomposition for monetary and carbon costs,
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along with the corresponding cost components for all five boroughs, is shown in Figure 7C. As seen,
the cumulative carbon costs become comparable to the corresponding monetary costs, substantially
impacting the policy decisions.

4 CONCLUSIONS

This work presents a stochastic control MDP/POMDP framework for life-cycle infrastructure
adaptation under climate change, incorporating a variety of action types, including grey- as well as
nature-based solutions. Using the concept of the social cost of carbon (SCC), environmental effects
such as carbon emissions and sequestration are also taken into account, providing a comprehensive
strategy that takes into account not just the economic, but also the environmental aspects of coastal
flood protection. In addition to emphasizing the value of adaptive planning in time, the influence of
the magnitude of the social cost of carbon and the underlying climate model assumptions on adaptive
policies are also demonstrated. Currently, ongoing extensions of this framework to consider inher-
ently interconnected coastal environments are also further explored, using NYC as an example, and
considering flooding interactions between relevant regions and system effects.

While the presented MDP/POMDP-based approaches offer optimality guarantees, computational
complexities grow with increasing states and time horizons. Future work will thus further explore
multi-agent deep reinforcement learning solutions [28] and multi-objective formulations, and will
compare solutions with other adaptive approaches in the literature. The growing importance of carbon
costs in decision-making and the co-benefits of nature-based infrastructure for flood management and
carbon sequestration are also worth further exploration.
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