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H I G H L I G H T S

∙ Coordinating short/long-term grid resilience decisions for floods reduces overspending on long-term measures.

∙ Flood-aware power flow models in resilience frameworks capture network-wide effects of substation failures.

∙ Quick substation protection technology before hurricanes could significantly reduce total resilience investments.

∙ Texas Gulf Coast needs permanent substation hardening investments to reduce load shed due to storm surge.
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A B S T R A C T

We present and analyze a three-stage stochastic optimization model that integrates output from a geoscience-

based flood model with a power flow model for transmission grid resilience planning against flooding. The 

proposed model coordinates the decisions made across multiple stages of resilience planning and recommends an 

optimal allocation of the overall resilience investment budget across short- and long-term measures. While doing 

so, the model balances the cost of investment in both short- and long-term measures against the cost of load shed 

that results from unmitigated flooding forcing grid components go out-of-service. We also present a case study 

for the Texas Gulf Coast region to demonstrate how the proposed model can provide insights into various grid 

resilience questions. Specifically, we demonstrate that for a comprehensive yet reasonable range of economic 

values assigned to load loss, we should make significant investments in the permanent hardening of substations 

such that we achieve near-zero load shed. We also show that not accounting for short-term measures while 

making decisions about long-term measures can lead to significant overspending (up to 14 %). Furthermore, we 

demonstrate that a technological development enabling to protect substations on short notice before imminent 

hurricanes could vastly influence and reduce the total investment budget (up to 56 %) that would otherwise be 

allocated for more expensive substation hardening. Lastly, we also show that for a wide range of values associated 

with the cost of mitigative long-term measures, the proportion allocated to such measures dominates the overall 

resilience spending.

1. Introduction

1.1. Motivation

Tropical cyclones, severe storms, and inland flooding have collec-

tively inflicted over $2 trillion (CPI-adjusted) in damages between 1980 

and 2023 in the U.S [1]. More than half of these damages come from the 

five states (Texas, Louisiana, Mississippi, Alabama, and Florida) exposed

to the Gulf of Mexico. A significant portion of these losses can be at-

tributed to the damage to critical infrastructures such as the power grid. 

For example, Hurricane Harvey, which affected the Texas coast between 

Corpus Christi and the Houston-Galveston region in 2017, damaged 

more than 90 substations, 800 transmission structures, 6000 distribution 

poles, and 800 miles of transmission and distribution lines. The storm 

caused a peak generation loss of 11 GW and affected more than two
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million customers. It took two weeks and 12,000 crew members to re-

store power [2]. The failure of the power grid impacted the functioning 

of other life-line infrastructures like healthcare services, transportation 

networks, critical supply chains, and water networks, leading to sig-

nificant social and economic losses. To aid in power grid resilience 

decision-making against extreme flooding events, several studies have 

been conducted and various optimization models have been proposed. 

Almost all of these models focus on resilience decision-making for either 

short-term measures taken before an imminent hurricane makes landfall 

or long-term flood impact mitigation measures. In this study, we ex-

tend this existing research and propose a stochastic optimization model 

that jointly optimizes both short- and long-term measures for effective 

decision-making. Because the focus of this study is on flood resilience 

of the transmission grid, we consider measures to protect substations, as 

transmission towers are rarely affected by flooding. As long-term mea-

sures for substation protection, we consider building permanent flood 

barriers such as flood walls or elevating substation components. For 

short-term measures, we consider Tiger dams, which act as temporary 

flood barriers deployed before specific hurricane threats.

1.2. Literature review

Given the importance of protecting the power grid from extreme 

weather events, several studies have focused on developing method-

ological frameworks [3–5] and metrics [6] for power grid resilience to 

extreme weather events. Additionally, various stochastic programming-

based models have been developed that combine scenarios representing 

the uncertainty of damage to power grid components with various rep-

resentations of power flow models for resilience decision-making. These 

models typically weigh the upfront investment cost to mitigate the im-

pact of hurricanes against the social and economic costs incurred due to 

the curtailed performance of the grid with insufficient protection. For 

example, the two-stage stochastic optimization model proposed in [7] 

considers the trade-off between the upfront costs associated with the up-

grade of the transmission system by hardening existing components and 

adding redundant lines, switches, generators, and transformers in the 

first-stage against the benefits of these upgrades provide in the second 

stage against flooding. Similarly, the model proposed in [8] suggests an 

investment plan to minimize the total investment cost of building new 

transmission lines and deployment of distributed energy resources, ex-

pected values of generators’ operation costs in normal and emergency 

situations, and load shedding costs in emergency conditions. Another 

model proposed in [9] recommends an optimal plan for hardening of 

transmission lines, generators, and substations such that the load loss 

during the recovery phase is minimized. The two-stage model proposed 

in [10] also focuses on line hardening decisions but accounts for the 

impact of decision-dependent uncertainty associated with typhoon dis-

asters. In addition to grid hardening, the resilience of the transmission 

system can be further enhanced through grid islanding techniques as 

demonstrated in [11]. Similar to the stochastic programming models, 

more recently, a two-stage robust optimization model based on the 𝑁 −𝑘 

security criterion has been proposed in [12] for power grid resilience 

decision-making.

In generating the scenarios to represent the impact of hurricanes, 

the aforementioned models do not consider the impact of flooding. 

However, it is imperative to recognize that hurricanes have the potential 

to inflict substantial damage on substations through flooding. Towards 

that end, the models proposed in [13–17] focus explicitly on captur-

ing the impact of flooding on the power grid and recommend strategies 

for substation protection. The models in [13,15] use fragility curves 

based on log-normal distributions to represent the risk of substation 

failures, whereas the models proposed in [14,16] use a physics-based 

simulation model to predict the flood risk for simulated storm scenar-

ios. Specifically, [13–15] focus on decision-making in the preparedness 

phase for an impending but still uncertain storm and recommend a sub-

station protection strategy using ad hoc, temporary measures such as

Fig. 1. Tiger Dam protecting a substation in North Carolina after Hurricane 

Florence.

Tiger Dams 

™ (the superscript is omitted in further discussion for a clearer 

presentation) shown in Fig. 1. On the other hand, the models proposed in 

[16,17] focus on longer-term permanent substation hardening measures 

against flooding due to multiple future storms. However, while making 

such hardening decisions, these models do not account for preventive 

measures such as Tiger Dams that can be deployed before an imminent 

hurricane’s landfall.

1.3. Research gap

The lack of coordination between the short- and long-term re-

silience decisions is the research gap that this study aims to address. 

The benefits of coordinated decision-making has been demonstrated in 

a limited number of studies. For example, in [18], the authors pro-

pose a coordination of preventive, emergency and restoration dispatch 

(CPERD) methodology to counteract cascading failures such that both 

the total load loss and dispatch costs are minimized. In an another 

study, a two-stage robust optimization model is proposed in [19] that 

integrates measures like generation dispatch, transmission switching, 

and load-shedding, and shows that integrated resilience planning is 

preferable over doing preparedness and response planning indepen-

dently. Similarly, the impact of coordinating preventive, emergency, and 

restorative power dispatch in transmission systems is shown using a hier-

archical defender–attacker model in [20]. Both are robust optimization 

models and consider only line failures.

Moreover, it is important to note that different natural disasters af-

fect power grid components through distinct mechanisms and failure 

patterns. For example, within a transmission grid, flooding primar-

ily impacts substations through spatially correlated failures that can 

most accurately be captured using hydrological models. Several stud-

ies [21,22] have acknowledged these differences, and there is growing 

consensus that power grid resilience models should be both system and 

disaster-specific.

To the best of our knowledge, no study exists that demonstrates 

the advantage of coordinated resilience decision-making to prevent sub-

station failures due to hurricane-induced flooding. Motivated by these 

observations, we present a three-stage stochastic programming model 

for informing investment decision-making for the transmission grid, 

with a specific focus on substation failures. The flood uncertainty in 

the model is represented using scenarios generated from the output of 

a physics-based storm-surge model. The majority of the literature and 

most of the cited work discussed so far rely on statistical models to 

represent weather or flood uncertainty, and eventually scenarios. The 

exception to this are studies in [14,16,17], which integrate forecasts 

from weather or flood models as scenarios, with models of power flow. 

Even then, in contrast to these related studies, our model jointly opti-

mizes long- and short-term investments for transmission grid resilience 

planning against substation failures caused by flooding.
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Table 1 

Comparative analysis of existing literature on power grid resilience 

decision-making and positioning of the proposed model.

Focus on

flooding

Short-term

model

Long-term

model

Integrated

model

[7–10,12] × × ✓ ×
[11] × ✓ × ×
[13–15] ✓ ✓ × ×
[16,17] ✓ × ✓ ×
[18–20] × × × ✓

Proposed model ✓ ✓ ✓ ✓

1.4. Contributions

In this study, we make the following contributions:

1. We propose a three-stage stochastic optimization model that co-

optimizes permanent substation hardening decisions made in the 

mitigation phase with Tiger Dam deployment decisions in the pre-

paredness phase. Solving this model allows, among other things, to 

determine an optimal budget allocation between long- and short-

term measures to enhance the transmission grid resilience. While 

doing so, the model’s third (recourse) phase accounts for economic 

costs associated with load loss due to unmitigated flooding in-

curred during the planning horizon. This is in contrast to existing 

approaches to power grid resilience modeling for flooding that 

consider two stages (one of full uncertainty and other of full cer-

tainty). With the three-stage model, we are able to include the 

decisions at the time of partial uncertainty (preparedness stage 

before an imminent but still-uncertain event) as part of a fuller 

coordination framework and the corresponding more complete 

analysis.

2. We capture the impact of correlated flooding on the grid using

a flood impact-sensitive DC power flow model that is embedded 

within the three-stage model.

3. We further develop a case study for the state of Texas using a

663-bus synthetic grid that represents the transmission grid in the 

Texas Gulf Coast. Similarly, to represent the storm-surge-induced 

flood-risk on the coastal grid, we use the flood scenarios developed 

by the National Oceanic and Atmospheric Administration (NOAA).

4. We use the proposed model with the case study to answer a wide

variety of resilience questions with an extensive sensitivity anal-

ysis on the value of load loss, power restoration time, ad hoc 

flood barrier’s effectiveness, and substation hardening cost. We 

characterize the effects of these factors on the optimal allocation 

of the resilience budget across substation hardening, Tiger Dam 

acquisition, and deployment as a function of the value of load 

loss.

We also summarize the contributions of existing power grid resilience 

research and illustrate where our study fits within the current literature 

in Table 1.

2. Modeling 

2.1. Overview

The proposed three-stage stochastic optimization model coordinates 

the decisions made in the different stages of resilience management to 

minimize the disaster cost of flooding of the transmission grid com-

ponents. These decisions concern the measures that can be taken at 

different time scales in the resilience management cycle. We consider 

two such measures. The first is the permanent hardening of the substa-

tions, which is done to mitigate the effects of not one specific storm but 

of many potential storms that might affect the power grid during the 

multi-year planning horizon. The second is the deployment of ad hoc

flood barriers as a preventative measure before an imminent hurricane’s 

landfall.

Examples of permanent hardening measures include elevation of cer-

tain substation components and construction of permanent walls. In 

either case, the resilience level of a substation can be expressed in terms 

of the height of flooding that it can withstand while continuing to remain 

operational. In the sequel, a resilience level of 𝑙 denotes the ability of a 

substation to withstand 𝑙 feet of flooding. Ad hoc barriers such as Tiger 

Dams (shown in Fig. 1) perform a similar function as that of permanent 

hardening but offer additional flexibility because they can be deployed 

quickly at a safe time before a landfall to temporarily protect substa-

tions subject to flooding threats due to the impending storm. This helps 

us account for the most-up-to-date data on the hurricane characteristics, 

potentially with more certainty as compared to the time of permanent 

hardening which is done months or years before any specific hurricane. 

Tiger Dams, however, have two limitations as compared to permanent 

hardening. The first is that they need to be disassembled and redeployed 

before every storm because they undergo wear and tear due to environ-

mental factors if left unattended after a hurricane. As a consequence, the 

repeated disassembly and deployment of the dams for every hurricane 

incurs a recurring deployment cost. The second limitation is that Tiger 

Dams have a threshold lower than that of permanent hardening on the 

level of resilience they provide. The effectiveness of both permanent sub-

station hardening measures like elevating substation components and 

ad hoc measures like Tiger dams has been validated in several aca-

demic studies [13,16,22,23] and is in line with industry best practices as 

documented in [24–26]. The distinction between permanent and tempo-

rary measures reflects the real-world decision-making alternatives that 

stakeholders consider when allocating limited resources across different 

phases of resilience planning. We now specify the types of decisions we 

consider in our model and the associated timeline.

First-stage decisions: The first-stage mitigation phase decisions in 

the proposed model are the permanent hardening of the substations and 

the acquisition of the Tiger Dams. Specifically, the model decides (1) 

which substations to permanently harden and to what height to protect 

them against flooding, and (2) the number of Tiger Dam units to pur-

chase to be used for deployment in the second stage before individual 

hurricanes. These first-stage decisions are made at the beginning of the 

multi-year planning horizon well before any specific hurricane. These 

decisions attempt to minimize the total expected disaster cost incurred 

during the planning horizon due to the flooding of the power grid com-

ponents by a number of hurricanes with varying characteristics captured 

through a set of scenarios.

Second-stage decisions: Representing the preparedness phase be-

fore an impending storm, the second stage decisions concern the de-

ployment of Tiger Dams purchased in the first stage. During this stage, 

more information about a specific storm is assumed to be available and 

the uncertainty about the storm characteristics is reduced. As a conse-

quence, the model considers a reduced set of scenarios compared to the 

first-stage to decide where the Tiger Dams should be deployed and to 

what height.

Third-stage decisions: In the third and final stage, representing the 

response phase, one of the scenarios is realized, causing a subset of sub-

stations with insufficient protection to go out-of-service due to flooding. 

As a consequence, the buses and the branches connected to the flooded 

substations are also out-of-service, affecting the capability of the grid 

to satisfy loads. Consequently, the last set of decisions in the recourse 

stage are about the power flow through the remaining operational grid 

with the goal of satisfying the loads as much as possible, or equivalently, 

minimizing the load loss.

To understand our stochastic optimization formulation, we discuss a 

few assumptions regarding the storm events occurring over the planning 

horizon that enable computational tractability while preserving model-

ing realism. We assume that storms occur as independent and identically 

distributed (i.i.d.) random events during the planning horizon, with each 

storm drawn independently from the set of 𝑁 storm scenarios described
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in Section 3.3. This assumption creates a time-homogeneous stochas-

tic process where the probability distribution over storm characteristics 

remains constant throughout the planning horizon. We acknowledge 

that a more sophisticated model could attempt to incorporate climate 

change or other global effects that alter storm characteristics over time. 

However, we believe that, in general, the variability in the intensity 

and location of individual storms is much greater than the induced tem-

poral variability, at least for the relatively short horizon we consider. 

Additionally, we do not incorporate discounting effects in our objec-

tive function, as the relatively short planning horizon (5–10 years) and 

homogeneous storm distribution across this time frame suggest that 

discount rate variations would have minimal impact on optimal first-

or second-stage decisions. We test the sensitivity of our results to this 

assumption in Section 4.7. The assumption that severe hurricanes are 

equally likely to occur early or late in the planning horizon further sup-

ports that the temporal ordering of events does not significantly affect 

the optimal mitigation and preparedness strategies.

Modeling storm sequences over time could potentially create a curse 

of dimensionality problem, as the number of possible temporal realiza-

tions grows exponentially. However, our i.i.d. assumption circumvents 

this computational challenge by rendering the timing and order of storm 

occurrences irrelevant to the optimal solution. This property allows us 

to formulate what could otherwise be a complex 𝑌 + 1-stage stochas-

tic program (𝑌 Tiger dam deployment stages plus the first stage) into a 

computationally tractable three-stage model.

In the three-stage model, we distinguish between the uncertainty 

faced while making the first- and the second-stage decisions and rep-

resent them using random variables 𝜉 1 

and 𝜉 2 

, respectively. Specifically, 

while making the first-stage decisions (about substation hardening and 

tiger dam acquisition) at the beginning of the planning horizon, we con-

sider a large set of storms with different characteristics that are likely 

to make landfall during the planning horizon. This set represents the 

sample space of 𝜉 1 

. In the second-stage, before making the tiger dam 

deployment decisions, typically a few days ahead of when the storm is 

anticipated to make a landfall, we assume that the uncertainty about 

the storm characteristics is greatly reduced. Accordingly, the sample 

space of 𝜉 2 

is similar to that of 𝜉 1 

but considers much fewer possible

storms.

Due to the linearity of expectation and our independence assump-

tions, the objective function of our three-stage model can simply be 

expressed as:

E[Total Cost] = First-stage costs + 𝑌 ⋅ E 

 

[Per-hurricane𝜉1  preparedness costs
 

]

+ 𝑌 ⋅ 𝐿 ⋅ E 𝜉 2 

[Per-hurricane load loss].

The three-stage formulation of the problem eliminates the need to enu-

merate exponentially many sample paths. Instead, we solve the problem 

by computing the expected Tiger dam deployment and load loss costs for 

a single representative hurricane across our entire set of storm scenarios 

and scaling this value by the expected frequency 𝑌 of hurricanes and the 

cost of unit load loss 𝐿. This approach eliminates the exponential growth 

in computational complexity while preserving solution optimality under 

our modeling assumptions.

Given that decision makers typically have limited funds for mitiga-

tion measures like substation hardening and Tiger Dams which can be 

deployed at various levels providing different levels of protection, it 

is reasonable to trade off their costs and effectiveness against the to-

tal value of load loss. For this purpose, a unit value is assigned to the 

load loss to represent the incurred social cost due to power outages. 

An important question then is how much should be invested in perma-

nent hardening and in Tiger Dams so that the total costs, including costs 

associated with the deployment of Tiger Dams and social costs due to 

load loss, are minimized. Our proposed model is designed to explore this 

trade-off under different cost structures. For a given set of parameters, 

it recommends an optimal allocation of funds for permanent harden-

ing and purchase of Tiger Dams so as to minimize the aforementioned

cumulative sum of costs across permanent hardening, preparedness, and 

recovery stages.

2.2. Assumptions

To ensure that the proposed model can be used for studying large 

grid instances while considering a wide variety of flooding scenarios, we 

make a few assumptions to maintain computational tractability. The first 

assumption is that a DC approximation of the power flow as described 

in [27] is acceptable when embedding it within a larger power grid 

resilience decision-making model. This approximation has been embed-

ded within decision-making models for resiliency-oriented transmission 

planning in several prior studies [8,28]. The second assumption is that 

the Tiger Dams units can be re-used during the planning horizon and 

do not undergo any degradation in performance. Furthermore, the cost 

incurred due to their deployment remains constant during the planning 

horizon. This is reasonable since they come in distinct units, and a dam 

is constructed by joining such units and stacking them on top of each 

other. Each of these individual units is typically filled with water. In the 

aftermath of the hurricane, the water is discharged, and the dams are 

disassembled into smaller units and stored until they are needed again. 

Third, we assume that each substation’s hardening, Tiger Dam, and flood 

levels are discrete and finite. In the proposed model, we consider them 

to be non-negative integers. Fourth, we assume the grid experiences load 

loss due to substation flooding until it fully recovers after a storm. Fifth, 

we assume that the value of load loss can be quantified in dollars per 

hour and remains constant during the planning horizon. The last two 

assumptions allow us to calculate the total load loss and its associated 

cost without explicitly modeling the detailed recovery schedule of the 

grid.

2.3. Notation

In the following notation, all the cost parameters are in dollars. The 

power grid parameters associated with the branch flow capacity, power 

demand at a bus, and minimum and maximum power generation at 

buses are in the per-unit system. 

Random variables

𝜉 1 

, 𝜉 2: Discrete random variables associated with stage one and stage

two uncertainties, respectively

Sets

I :𝑓  Set of flooded substations 

H , T :𝑖 𝑖  Set of  integer hardening and Tiger Dam levels at substation 𝑖
J : Set of buses indexed by 𝑗
B :𝑖  

 

Set of buses at substation     𝑖 

R: Set of branches indexed by 𝑟
N 

𝑖𝑛, N𝑗  

𝑜𝑢𝑡:𝑗  

 

Set of branches incident on bus 𝑗 with power flowing in

and out of bus 𝑗, respectively 

P : Sample space of 𝜉1 
Q 𝑘  

 

:        Sample space of 𝜉2 

when 𝜉1 = 𝑘

Parameters

𝑀 : An arbitrarily large constant

𝑉 :𝑖𝑙  Cost of hardening substation 𝑖 to resilience level 𝑙 

𝐴: Acquisition cost of a Tiger Dam unit

𝐶 :𝑖𝑙  Cost of deploying a Tiger Dam at substation 𝑖 to prevent up to 𝑙
feet of flooding 

𝑌 : Average number of storms during the planning horizon

𝑊 :𝑖  Maximum flood height  at substation 𝑖 across all the scenarios

Δ 

 

:𝑖𝑘𝑚   Flood height at substation 𝑖 when , 𝜉 1 

= 𝑘  𝜉2  

= 𝑚 

𝐵 𝑟 

: Susceptance of branch 𝑟 

𝑃 :𝑟  

 

Maximum power that can flow in branch 𝑟
𝑟.h, 𝑟.t: Head bus and tail bus of branch 𝑟 

𝐷 :𝑗  Power demand at  bus 𝑗
𝐺 , 𝐺 

 

:𝑗 
𝑗  Minimum and maximum generation at bus 𝑗
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𝛾: Index of the slack bus 

𝐿: Economic cost load loss per unit power per hurricane

H 

𝑚𝑎𝑥 T 𝑚𝑎𝑥:𝑖 , 𝑖  Largest element in set H and T    𝑖   𝑖 

𝑅: Time to restore power in the hurricane’s aftermath 

Pr(k): Probability that 𝜉1  

= 𝑘
Pr(k,m): Probability that 𝜉1 = 𝑘 and 𝜉 2 = 𝑚
𝜃̄ 

 :𝑟  

 

Maximum difference in the phase angles of the endpoint buses of 

branch 𝑟

Variables

First-stage variables 

𝑛: Integer variable, representing the number of Tiger Dam units that 

are acquired (each unit of Tiger Dam provides an additional level of 

resilience)

ℎ :𝑖𝑙  

 

Binary variable, indicating whether substation 𝑖 is hardened to 

level 𝑙 

Second-stage variables 

𝑡 

𝑘 :𝑖𝑙  Binary variable, indicating whether  Tiger Dam units are deployed 

at substation 𝑖 to level 𝑙 when 𝜉 1 

= 𝑘
Third-stage variables 

𝑧 

 

:𝑗   Binary variable, indicating whether bus 𝑗 is operational  

𝑢𝑗 : 

 

Binary variable, indicating whether  generator at bus 𝑗 is dis

patched 

𝑠 :𝑗  

 

 Non-negative real variable, load satisfied at bus 𝑗
𝑔 :𝑗  

 

Non-negative real variable, power generated at bus       𝑗 

𝜃 

 

:𝑗   Real variable, voltage phase angle of bus 𝑗
𝑒 :𝑟  

 

Real variable, power flowing in branch 𝑟 from 𝑟.h to 𝑟.t where a 

negative value implies that the flow is in the opposite direction

-

In the above notation, we observe that the third stage variables 

𝑧𝑗 , 𝑢 and𝑗 , 𝑠 𝑗 , 𝑔 ,𝑗  𝜃𝑗 ,  𝑒 are𝑟  indexed only in 𝑗 (𝑟 in case of 𝑒  

  𝑟 

). We note

that these variables are defined within the recourse function and thus 

exist for all valid combinations of 𝑘 and 𝑚.

2.4. Mathematical formulation

In the rest of this article, we refer to the proposed three-stage stochas-

tic MIP model as the Budget Allocation Model (BAM). We present BAM’s 

mathematical formulation in two parts. Part 1 of the model is for the 

first two stages (the mitigation and preparedness decisions and their 

constraints) and Part 2 is for the third stage (the power flow deci-

sions and constraints given the decisions made in the first two stages). 

This partitioning makes sense as Part 1 focuses on mitigation invest-

ment (hardening of substations and acquisition of tiger dams) and tiger 

dam deployment for preparedness, i.e., logistical concerns of the overall 

model. That is, the first stage hardens the substations to a specific re-

silience level and acquires tiger dams, and the second stage deploys the 

tiger dams purchased in the first stage. The third stage is presented sep-

arately in Part 2, mainly to focus on the operations of the power system: 

optimal power flow decisions and operational power system constraints 

given the operating (sufficiently protected or unflooded) substations to 

minimize the load loss. The costs due to load loss are implicitly consid-

ered in the first- and second-stages and therefore inform the decisions 

to minimize the total costs across all three stages. We now present Part 

1 of BAM:

minimize 

∑

𝑖∈I 𝑓

∑

𝑙∈H 𝑖

𝑉 𝑖𝑙ℎ 𝑖𝑙 

+ 𝐴𝑛 + 𝑌 

∑

𝑘∈P
Pr(𝑘) 

∑ 

𝑖∈I 𝑓

∑

𝑙∈T 𝑖

𝐶 𝑖𝑙𝑡 

𝑘
𝑖𝑙

+ 𝑌 𝐿 

∑

𝑘∈P

∑

𝑚∈Q 𝑘

Pr(𝑘, 𝑚) L(h, t 

k, 𝑘, 𝑚), (1)

subject to: 

∑

𝑙∈H 𝑖

ℎ 𝑖𝑙 

≤ 1, ∀𝑖 ∈ I 𝑓 

, (2)

∑

𝑙∈T 𝑖

𝑡 

𝑘
𝑖𝑙 ≤ 1, ∀𝑖 ∈ I 𝑓 

, 𝑘 ∈ P , (3)

∑

𝑖∈I 𝑓

∑

𝑙∈T 𝑖

𝑙𝑡 

𝑘
𝑖𝑙 ≤ 𝑛, ∀𝑘 ∈ P . (4)

The objective function (1) in the BAM represents the total expected 

“disaster management” cost due to the flooding of power grid com-

ponents during the planning horizon. The expression consists of four 

terms. The first term represents the cost of substation hardening. The 

second term refers to the acquisition cost of Tiger Dams. The third is 

the expected Tiger Dam deployment costs incurred during the planning 

horizon. The last term is representative of the economic costs associated 

with load loss and recovery operations. An explanation of how this value 

is computed is deferred for discussion until later in Section 3.4.3.

Constraints (2) are associated with the first-stage substation harden-

ing decisions which ensure that each substation is assigned to exactly 

one hardening level. Similarly, constraints (3), which represent the 

second-stage Tiger Dam deployment decisions, ensure that each sub-

station is assigned to exactly to one level of Tiger Dam deployment in 

the preparedness phase before each storm. Constraints (4) are coupling 

constraints which ensure that the total number of the Tiger Dam units 

deployed within any preparedness model in the second stage does not 

exceed the number of units acquired in the first stage. We next present 

Part 2 of the overall model.

Flood-aware DC power flow model: The recourse function 

L(h, t 

k, 𝑘, 𝑚) in (1) is given by:

L(h, t 

k, 𝑘, 𝑚) = minimize 

∑

𝑗∈J
𝐷 𝑗 − 𝑠 𝑗 , (5)

subject to: Δ 𝑖𝑘𝑚 ≤ max
⎛

⎜

⎜

⎝

∑

𝑙∈H 𝑖

𝑙ℎ 𝑖𝑙 

, 

∑

𝑙∈T 𝑖

𝑙𝑡 

𝑘
𝑖𝑙

⎞

⎟

⎟

⎠

+𝑀(1−𝑧 𝑗 

), ∀𝑗 ∈ B 𝑖 

, ∀𝑖 ∈ I 𝑓 ,

(6)

Δ 𝑖𝑘𝑚 

≥ max
⎛

⎜

⎜

⎝

∑

𝑙∈H𝑖

𝑙ℎ 𝑖𝑙 

, 

∑

𝑙∈T 𝑖

𝑙𝑡 

𝑘
𝑖𝑙

⎞

⎟

⎟

⎠

− 𝑀𝑧 𝑗 + 1,∀𝑗 ∈ B 𝑖 

, ∀𝑖 ∈ I 𝑓 , (7)

𝑧 𝑗 = 1, ∀𝑗 ∈ B 𝑖 

, ∀𝑖 ∉ I 𝑓 , (8)

𝑢 𝑗 ≤ 𝑧 𝑗 , ∀𝑗 ∈ J , (9)

𝑠 𝑗 ≤ 𝑧 𝑗𝐷 𝑗 , ∀𝑗 ∈ J , (10)

𝑢 𝑗𝐺 𝑗 

≤ 𝑔 𝑗 ≤ 𝑢 𝑗𝐺 𝑗 

, ∀𝑗 ∈ J , (11)

− 𝑧 𝑟.h 

𝑃 𝑟 

≤ 𝑒 𝑟 

≤ 𝑧 𝑟.h 

𝑃 𝑟, ∀𝑟 ∈ R, (12)

− 𝑧 𝑟.t 

𝑃 𝑟 

≤ 𝑒 𝑟 

≤ 𝑧 𝑟.t 

𝑃 𝑟, ∀𝑟 ∈ R, (13)

|𝑒 𝑟 − 𝐵 𝑟(𝜃 𝑟.h 

− 𝜃 𝑟.t 

)| ≤ 𝑀(1 − 𝑧 𝑟.h 

𝑧 𝑟.t 

), ∀𝑟 ∈ R, (14) 

∑

𝑟∈N 

𝑜𝑢𝑡
𝑗

𝑒 𝑟 

− 

∑

𝑟∈N 

𝑖𝑛
𝑗

𝑒 𝑟 = 𝑔 𝑗 − 𝑠 𝑗 , ∀𝑗 ∈ J , (15)

− 𝜋 ≤ 𝜃 𝑗 ≤ 𝜋, ∀𝑗 ∈ J , (16)

𝜃 𝛾 = 0, (17)

|𝜃 𝑟.h 

− 𝜃 𝑟.t| ≤ ̄ 𝜃 𝑟, ∀𝑟 ∈ R, (18)

where the first two inputs in the recourse function L(h, t 

k , 𝑘, 𝑚) repre-

sent the substation hardening and Tiger Dam deployment decisions, 

respectively. Specifically, h = (ℎ 𝑖𝑙) and k
𝑖∈I𝑓 ,𝑙∈H

 

𝑖
 t 

 

= (𝑡𝑘 ) .𝑖𝑙 𝑖∈I𝑓 ,𝑙∈T
 

𝑖 

Uncertainty representation: The last two elements in the input (𝑘 

and 𝑚) correspond to the values of the realizations of random vari-

ables 𝜉 1 and 𝜉 2, respectively. Each combination of the realized values 

represents a unique sample path corresponding to a flooding scenario

Sustainable Energy, Grids and Networks 44 (2025) 101973 

5 



A. Shukla, E. Kutanoglu and J. Hasenbein

with certain hurricane characteristics. Several such paths combine to 

form a scenario tree. We note that the flood scenarios associated with 

different sample paths can be identical. This is further discussed with an 

example in Section 3.3. In the rest of the article, we refer to scenarios 

using the tuple (𝑘, 𝑚) as their unique identifier.

Economic cost of load shedding: The output of the recourse func-

tion L(h, t 

k , 𝑘, 𝑚) represents the total load loss in scenario (𝑘, 𝑚) when 

the substation hardening and Tiger Dam deployment decisions are h and 

t 

k . An expectation over the output of the recourse function is taken for 

possible realizations of 𝜉 1 

and 𝜉 2 

in (1) to compute the expected load 

loss. The expected load loss value is then multiplied with appropriate 

constants to represent the economic costs associated with load loss and 

recovery operations. To understand how this is done, we first determine 

the value of the parameter 𝐿, which itself is the product of the economic 

value of load loss per hour (expressed in $ per MW-hr), the restora-

tion/down time which we assume that all the substations that are not 

operational experience, and a constant term representing the base-load
∑ ∑

 

value. The product
 

  𝐿
 

 𝑘∈P 𝑚∈Q 

(
𝑘 

𝑃 𝑟 𝑘,  

 𝑚) L(h, t 

k, 𝑘, 𝑚) therefore repre

sents the expected economic loss per hurricane. We finally multiply this 

-

value by 𝑌 to compute the expected total economic and social costs in-

curred due to load losses in all the storms during the planning horizon. 

Further discussion on computing the economic cost of load loss for the 

state of Texas is presented in Section 3.4.3.

Contingency impact constraints: In the definition of the recourse 

function L(h, t 

k , 𝑘, 𝑚), constraints (6) and (7) link the decisions made 

across multiple stages. Specifically, they compare the substation hard-

ening level and the level of the Tiger Dam with the flood height at 

a substation in a particular scenario to determine if the substation is 

flooded. Accordingly, the value of 𝑧 𝑗 

is determined to be 0 or 1 where 

0 indicates that the substation’s protection is not sufficient and in turn 

the bus is not operational. For the substations that are not flooded in 

any scenario, the status of all the buses that they contain is set to being 

operational in constraints (8).

Power flow constraints: Constraints (9) capture the generator dis-

patch decisions. The constraints imply that a generator bus can only be 

dispatched when operational. Constraints (10) enforce that if a bus is op-

erational, the power supplied at the bus is at most the bus demand, and 

0 otherwise. Similarly, constraints (11) ensure that when a generator is 

operational, the power dispatched from the generator is within its gener-

ation limits and is 0 otherwise. Constraints (12) and (13) place limits on 

the power flow of branches and imply that if the bus at either end of the 

branch is not operational, then no power can flow through the branch. 

Constraints (14) represent the Ohm’s law constraint 𝐵𝑟 (𝜃  

 𝑟.h 

− 𝜃𝑟. t 

) = 𝑒𝑟  

for each operational branch 𝑟. The big-𝑀 based reformulation is used 

to impose the condition that the phase angle constraint needs to only 

be enforced on a branch if both ends of the branch are operational. 

Constraints (15) ensure flow conservation at each bus. Constraints (16) 

provide lower and upper limits of the phase angles, and constraint (17) 

sets the phase angle for the reference or slack bus. Lastly, constraints (18) 

limit the phase angle difference between endpoint buses of each branch.

We note that the mathematical formulation of the proposed three-

stage model is a mixed integer non-linear optimization problem. This 

non-linearity is due to the presence of the max(⋅) function in constraints 

(6) and (7), the presence of the absolute value function and bi-linear 

terms in constraints (14), and the presence of the absolute value func-

tion in constraints (18). The problem can, however, be reformulated 

into a mixed integer linear program using standard transformations. A 

detailed discussion on the reformulation of non-linear constraints is pre-

sented inAppendix A.1, and the determination of the values of big-𝑀 is 

discussed in Appendix A.2.

2.5. Value of full coordination

While making the substation hardening decisions during the mitiga-

tion phase, the BAM accounts for the Tiger Dam-based preparedness 

measures that can be taken to protect the substations from flooding

before an imminent hurricane. We now explain how we can quantify the 

benefit of decision making based on this integrated approach as opposed 

to making these decisions in a decoupled way.

Consider a case when the mitigation decisions are made without ac-

counting for the preparedness options that might be available before an 

impending hurricane. To reflect this in the BAM, we set 𝑛 = 0 and refer 

to this constrained version of the budget allocation model with no pre-

paredness measures as the BAM-NP. Consequently, to decide the optimal 

budget for substation hardening, the BAM-NP will trade off hardening 

a substation vs leaving it unprotected from flooding which can subse-

quently cause load loss. Next, we fix the substation hardening levels to 

their respective values as obtained from the BAM-NP in the BAM. In 

this case, another three-stage version of the BAM will consider these 

substation hardening decisions as given and trade off the Tiger Dam 

acquisition and deployment costs with load loss to decide an optimal 

allocation of the budget for the purchase of Tiger Dams. We refer to this 

decoupled variant of the BAM as the BAM-D. We call the difference in 

the objective function values of the BAM-D and the BAM as the value of 

full coordination.

3. Case study

This section presents a case study focused on the Texas coastal region 

to demonstrate the use of the BAM for addressing various questions re-

lated to the resilience of the power grid to extreme flood events. The 

input to the BAM consists of two main components. The first is a set of 

flood scenarios representing the impact of the different types of hurri-

canes hitting the Texas coast, and the second is the topology and the 

network parameters of the power grid that resemble the actual grid of 

the Texas coastal region. Further note that, we solve the BAM instances 

described in this case study on a high performance computing server 

with AMD’s EPYC Milan processor (128 cores) and 256GB of RAM. The 

models are developed in gurobipy and solved using the Gurobi solver 

with the barrier algorithm [29].

3.1. Flood scenarios

We use the storm-surge maps [30] developed by the National Oceanic 

and Atmospheric Administration (NOAA) using the Sea, Lake, and 

Overland Surges from Hurricanes (SLOSH) model [31] to sample the 

flood scenarios. The maps are generated by simulating hurricanes with 

different characteristics, such as intensity, forward speed, direction, and 

tide levels. For each combination of such parameters, multiple SLOSH 

runs (each with a different landfall location) are conducted to capture 

the variability in the storm surge. The maximum water levels from these 

runs are used to construct Maximum Envelopes of Water (MEOW) maps 

for different types of hurricanes. An example map for the Texas coastal 

region is shown in Fig. 2. We overlay the Texas’s synthetic coastal trans-

mission grid on such a map to identify substations that are flooded due 

to inadequate protection. Accordingly, the buses within the substations 

and branches connected to those buses are considered out of order. 

This is modeled using the flood-aware dc power model with network 

reconfiguration constraints as described in Section 2.4.

3.2. Transmission grid

We use the synthetic transmission grid ACTIVSg2000 developed as 

part of an ARPA-E project [32] on the footprint of the actual Texas grid. 

The synthetic grid consists of 2000 buses distributed across 1250 sub-

stations and 3206 branches. Moreover, to keep the case study realistic 

while maintaining computational tractability, we make two modifica-

tions to ACTIVSg2000 dataset to assess and improve its resilience to 

coastal storm surge risk. First, the coordinates of the 1250 substa-

tions are remapped using real-world substation locations obtained from 

the Homeland Infrastructure Foundation-Level Data (HIFLD) Electric 

Substations dataset [33]. An optimization problem is solved to minimize 

the displacement caused by the remapping, ensuring that the electri-

cal structure of the power grid remains unchanged. These modifications
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Fig. 2. A sample MEOW generated using category 5 storms approaching the 

Texas Gulf Coast in the north-west direction with a forward speed of 5 mph.

allow for a more realistic representation of the grid while consider-

ing real-world flood risks via NOAA-based flood scenarios. Second, a 

network reduction is performed using the electrical equivalent (EEQV) 

feature in PSS®E to retain only the grid components susceptible to storm 

surge-induced flooding. Buses that are in the inland region and not ex-

posed to storm surge are aggregated into a smaller set of nodes, while 

the coastal part of the grid remains almost unchanged. The topological 

changes resulting from the reduction are illustrated in Fig. 3. The ob-

tained reduced grid consists of all of the 362 substations from the coastal 

grid, encompassing 663 buses and 1509 branches, with a generation 

capacity of 60.98 GW and a total load of 39.69 GW.

3.3. Scenario tree

The NOAA storm-surge maps are developed using flood simulations 

while considering eight different storm directions (west-south-west, 

west, west-north-west, north-west, north-north-west, north, north-north-

east, and north-east), six different intensity categories (0-5), and four 

different forward speeds (5, 10, 15, and 25 mph). Consequently, the

Fig. 3. (a) The ACTIVSg2000 synthetic grid for Texas. (b) The reduced grid obtained after performing the network reduction. The red elements represent the new 

nodes and branches that were introduced as the artifacts of the reduction procedure to maintain equivalence in the grid characteristics. (For interpretation of the 

references to colour in this figure legend, the reader is referred to the web version of this article.)

dataset comprises of 192 unique flood maps, one for each combination 

of storm direction, category, and forward speed.

To demonstrate the usefulness of the BAM with a computationally 

tractable use case, we reduce the size of the problem by eliminating a 

subset of less severe scenarios. Specifically, we first drop the scenarios 

corresponding to two directions (west-south-west and northeast) as hur-

ricanes belonging to these categories do not cause significant flooding 

in the Texas Gulf Coast. We also drop the hurricanes of categories 0 and

1. The hurricanes belonging to these categories cause little to no flood-

ing at the substations considered in this study. As a result, we have 96 

flood scenarios belonging to 6 directions and four different levels of hur-

ricane categories and forward speeds. These 96 scenarios are considered 

likely to impact the power grid and are part of the uncertainty set at the 

“root node” of the scenario tree we consider (Fig. 4). At the root node 

representing the first stage of decision making, we make the here-and-

now substation hardening and Tiger Dam acquisition decisions that are 

to mitigate against the flooding risks in all 96 hurricane scenarios.

Before we make the second-stage Tiger Dam deployment decisions, 

the direction of the hurricane is revealed and the uncertainty about 

the category and the forward speed of the hurricane is reduced. This 

is represented in Fig. 4 where both the category and forward speed 

can take one of the two consecutive values from the ordered set 

representing the forward speed and category. Consequently, in the sec-

ond stage, we consider 54 preparedness models (for each combination 

𝑑 𝑖 

, 𝑐 𝑖 

, 𝑐 𝑖+1 

, 𝑓 𝑖 

, 𝑓 𝑖+1 

), each consisting of 4 scenarios (for each combina-

tion of 𝑑  

 

, 𝑐 

 

, 𝑓 Tiger 

 

) while making the Dam deployment𝑖 𝑖 𝑖   decisions. 

Subsequently, a scenario is realized causing a subset of substations with 

inadequate protection to go out of order. In this study, we assume the 

path probabilities to be equal in the case study. However, the model 

is flexible, in that a decision maker can use their own probabilistic 

beliefs.

In the third stage, we make decisions about re-routing power with 

the grid components remaining operational such that the load loss is 

minimized.

3.4. Parametric setup 

3.4.1. Substation hardening

For each substation 𝑖 that is flooded in at least one scenario, we de-

fine H = {3, 6, ⋅ ⋅ ⋅, 21}. The value of 𝑉 

 

, which𝑖 𝑖𝑙   represents the cost of 

hardening substation  to resilience level  is considered to be directly 𝑖 𝑙
proportional to 𝑙 and is given by $100,000 times 𝑙. This implies that it 

will take at most $2.1 M to fully harden a substation against any flooding 

as the maximum flood height across all the scenarios is 21 feet. This cost 

is close to the approximated value of $2.2 M in a policy brief published 

by the Bass Connections at Duke University [34]. The hardening cost, 

however, can vary depending on the location of the substation, terrain,
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Fig. 4. A schematic diagram representing the scenario tree used in the case study. 

Here, D, C, and F represent the set of storm directions, intensity categories, and 

forward speeds.

wall thickness and other related specifications. Therefore to study the 

impact that a change in the substation hardening cost has on the opti-

mal budget allocation, we do a sensitivity analysis by varying the value 

of 𝑉 𝑖𝑙 

from $25,000/ft to $100,000/ft at $25,000 intervals in Section 4.6.

3.4.2. Tiger dams

Similar to substation hardening, we define T 𝑖 

= {3, 6} as the set rep-

resenting the Tiger Dam deployment levels. To further assess the impact 

that the maximum Tiger Dam deployment level (T max
 )𝑖  has on the opti

mal budget allocation, we vary its value from 6 feet in the default case 

-

to 21 feet at 3 feet intervals in Section 4.5.

The cost of each Tiger Dam unit is assumed to be $40,000/ft. 

Therefore, Tiger Dam units worth $120,000 and $240,000 are required 

to build ad hoc protection barriers of height 3 and 6 feet, respectively. 

These values are based on the assumption that a Tiger Dam is expected 

to surround the periphery of a substation which is considered to be a 

square with each side measuring 200 feet. The Tiger Dams cost around 

$200 per 4-foot piece. Therefore, to protect the perimeter of 800 feet, 

we need 200 pieces which will cost $40,000. Lastly, the cost incurred 

for each Tiger Dam deployment is assumed to be $10,000.

3.4.3. Economic and social costs of load loss

The expected cost due to load loss in a hurricane is determined us-

ing three values: the value of load loss (VOLL), the expected time to 

restore power (𝑅), and the expected load loss per hurricane. The pa-

rameter 𝐿 in the objective function represents the product of the first 

two terms times 100; the constant 100 is to convert the output load 

loss from the recourse function L(h, t 

k , 𝑘, 𝑚), which is in per unit system, 

to megawatt-hours. The default value of VOLL is assumed to be $6000 

per MW-hr and is in line with the value approximated during a study 

conducted by the Texas grid operator, the Electric Reliability Council 

of Texas (ERCOT) [35]. The default value of 𝑅 is assumed to be 48 

hours. Therefore, the value of 𝐿 that we use in our study as the base 

case is $2.88 M per unit of power per hurricane. Moreover, the expected 

number of hurricanes during the planning horizon is assumed to be 10. 

Therefore, the last term in the objective function is reduced to $28.8 M 

times 

∑ 

𝑘∈P 

∑ 

𝑚∈Q 𝑘 

P∖(𝑘, 𝑚) L(h, t 

k , 𝑘, 𝑚) with the default values of the

parameters. To further assess the impact of the changes in VOLL and 

power restoration times, a parametric study is conducted in Sections 4.2 

and 4.3.

4. Results and discussion 

4.1. A note on figures

Fig. 5a–d are all color coded rectangular grids where each row rep-

resents the permanent hardening and Tiger Dam deployment decisions

at a substation. In all the figures, we consider the same set of substations 

placed in the same sequence. They are sorted from top to bottom in the 

increasing order of average flood values. Moreover, each substation is 

flooded in at least one of the 96 distinct flooding scenarios considered in 

this study. The left-most column in the figures is marked with only one 

of the two colors (black and yellow) and represents the first-stage per-

manent hardening decisions. The next 54 columns show the Tiger Dam 

deployment decisions in each of the 54 preparedness models associated 

with different realizations of 𝜉 1 

as explained in Section 3.3.

A grid cell with index (𝑖, 𝑘) representing substation 𝑖 and prepared-

ness model 𝑘 in the aforementioned rectangular grid is colored white 

when the variable max_flood, which denotes the maximum flooding 

level across all preparedness phase scenarios and 𝑡𝑘 

𝑖𝑙 , ∀𝑙 ∈ T are𝑖  all 

simultaneously 0. That is, no flooding occurs at substation 𝑖 in any of 

the scenarios considered within the preparedness model associated with 

𝜉 1 = 𝑘 and therefore, no Tiger Dams are deployed.

When the cell is blue, it signifies that max_flood > 0 and 𝑡 

𝑘 =𝑖𝑙  0,∀𝑙 ∈ 

T 

 

. It implies that although the substation is flooded in at least one sce𝑖
nario, Tiger Dams are not deployed at the substation. This can be due to 

-

two reasons. The first is that the substation has been chosen for perma-

-

nent hardening in the first stage (as is the case in most of the substations). 

The second is that because we have limited Tiger Dam resources, it is 

deemed more cost-effective to leave the substation unprotected and sub

ject it to the risk of flooding while using the limited Tiger Dam resources

to protect other substations which are more likely to contribute to min-

imizing the total load loss induced cost. If the cell is green, a Tiger Dam 

is deployed in the preparedness phase and is capable of safeguarding the 

substation against the maximum flooding (which is non-negative) that 

can occur in one or more of the scenarios considered within a particu-

lar preparedness model. Lastly, orange color is indicative of substations 

where a Tiger Dam provides protection in some scenarios but not all as 

the maximum flood level exceeds its protective capacity.

4.2. Sensitivity to VOLL

To assess how the allocation of the optimal budget changes with 

VOLL, we solve the BAM for different VOLL as shown in Table 2. In the 

table, we observe that the total disaster cost increases with the increase 

in VOLL. This can be attributed to the increase in the budget allocated for 

hardening of the substations from $33 M to $64.2 M as VOLL increases 

from $250 per MW-hr to $6000 per MW-hr. When VOLL is $250 per 

MW-hr, the BAM protects a smaller set of substations using permanent 

hardening. In this case, since the penalty on load loss is relatively small, 

the BAM recommends protecting several substations using Tiger Dams 

when flooding is lower than the maximum flood protection that Tiger 

Dams can provide and leave them unprotected at higher flood levels.

A higher VOLL implies a larger penalty on the loss of load, and there-

fore the model minimizes that component of the total cost by hardening 

increasingly more substations to eventually attain near-zero load loss at 

a VOLL of $6000 per MW-hr. To verify this, refer to Figs. 5a and 5b. 

We further notice another trend: increasing the hardening budget gen-

erally leads to a reduction in the budget allocated for acquisition and 

deployment of Tiger Dams. This is expected as permanent hardening 

of additional substations obviates the need for Tiger Dam that are oth-

erwise deployed to protect them. Consequently, this further leads to a 

reduction in the expected deployment costs.

In the last row of Table 2, we observe that the optimal budget for 

substation hardening is $64.2 M. This is for a VOLL of $6000 per MW-

hr, a value close to what has been approximated for the state of Texas 

in a study by the grid operator, the Electric Reliability Council of Texas 

(ERCOT) [35]. Therefore, in this case, we should prioritize making sig-

nificant investments in permanent hardening of the substations located 

in the Texas coastal grid to protect them against storm surge induced 

flooding. The other point to emphasize is that for any VOLL, there 

exists an implicit optimal budget for substation hardening and Tiger 

Dam acquisition that minimizes the expected overall disaster cost. If the
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Fig. 5. First- and second-stage solutions: 5(a) and (b) depict the solutions of the BAM when VOLL is $250/MW-hr and $6000/MW-hr, respectively. 5(c) shows the 

same for the BAM-D for a VOLL of $6000/MW-hr. 5(d) represents the BAM solutions for the maximum preparedness level of 15 feet. For more details, refer to 

Section 4.1.

Table 2 

Budget allocation for substation hardening and Tiger Dam acquisition for 

the different values of load loss, VOLL. Also shown are the expected costs of 

Tiger Dam deployment and of load loss over the planning horizon.

VOLL Hardening Tiger dam Deployment Load loss Total

250 33.0 4.92 1.35 11.32 50.59

500 45.0 3.60 0.94 7.87 57.41

1000 51.3 3.60 0.67 5.48 61.05

2000 56.4 3.48 0.51 5.20 65.59

3000 59.7 3.48 0.42 3.50 67.10

4000 62.1 3.24 0.39 2.32 68.05

5000 62.4 3.36 0.39 2.42 68.57

6000 64.2 3.12 0.33 1.37 69.02

allocated mitigation budget is any smaller than this value, it will only 

increase the overall disaster cost.

4.3. Sensitivity to restoration time

In Section 3.4.3, we have discussed that the expected total load loss 

∑

 

∑

induced cost is given by 𝑌 𝐿 Pr𝑘∈P 𝑚∈Q ( t
𝑘

𝑘, 𝑚)L(h,  

k , 𝑘, 𝑚) where the
 

parameter 𝐿 is a constant times the product of VOLL and 𝑅. Further 

recall that the default value of VOLL and 𝑅 is $6000 per MW-hr and 

48 hours, respectively. Therefore, for a VOLL of $2000 per MW-hr, the 

effect of change in the restoration time from 48 to 24 hours is reflected in 

the solution corresponding to the VOLL of $1000 per MW-hr in Table 2. 

Similarly, to obtain the budget allocation when 𝑅 is reduced to 12 or 6 

hours, we refer to the budget associated with VOLL of $500 and $250 

per MW-hr in Table 2, respectively. From the table, we further infer that 

a decrease in restoration time will reduce both expected hardening and 

total disaster cost as power can be restored quickly and cause relatively 

less economic damage. It is also interesting to note that for the VOLL 

of $6000 per MW-hr, which is close to what has been approximated 

for the state of Texas in [35], the proportion of the total budget that 

is allocated to Tiger Dam acquisition and deployments remains almost 

unaffected even if the restoration time is reduced from the default value 

of 48 h to 4 h (this solution corresponds to the second row in Table 2).

4.4. Value of coordinated decision-making

In Section 2.5, we introduce the concept of the value of coordina-

tion to quantify the benefit of accounting for Tiger Dam acquisition and
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Table 3 

Budget allocation for substation hardening and Tiger Dam acquisition for 

the different values of load loss, VOLL for the case of decoupled decision-

making.

VOLL Hardening Tiger dam Deployment Load loss Total

250 47.1 1.44 0.53 8.86 57.93

500 59.4 0.84 0.22 4.65 65.11

1000 64.8 0.48 0.08 4.44 69.80

2000 69.9 0.36 0.07 2.48 72.81

3000 72.3 0.24 0.02 1.17 73.73

4000 73.5 0.24 0.01 0.92 74.67

5000 74.4 0.12 0.00 0.52 75.04

6000 74.7 0.00 0.00 0.62 75.32

deployment decisions while allocating the budget for substation hard-

ening. We now compare the total disaster costs obtained from the BAM 

and the BAM-D in Tables 2 and 3, respectively, for different values of 

load loss. We observe that the total disaster costs in the case of decou-

pled decision making performed solving the BAM-NP followed by the 

BAM-D is considerably higher (between 9.4 % to 14.5 % depending on 

VOLL) than the costs of coupled decision making performed by solving 

the original (coordinated) BAM.

In the decoupled case, because the substation hardening decisions 

do not account for preparedness measures, they tend to harden the sub-

stations which could have been protected using Tiger Dams. Due to this 

over-hardening of substations, the cost of Tiger Dam acquisition and 

deployment is much lower in the decoupled case as compared to the 

coupled case. This can also be confirmed by comparing the substation 

hardening decisions between Fig. 5b and c, both for a VOLL of $6000 

per MW-hr. The plots for other VOLLs are in Appendix A.3. Here, we 

emphasize that by not coordinating the decisions made in the harden-

ing and preparedness phases, we end up with significant overspending 

even when the decisions in individual phases are optimized. When the 

VOLL is $6000 per MW-hr, the overspending in hardening is more than 

$10 M, although the net expected overspending is $6.3 M, achieved due 

to lower costs in Tiger Dams and load loss, both possible thanks to over 

hardening.

4.5. Effect of improvement in short-term measures

We now assess the impact of an improvement in the efficacy of Tiger 

Dams on the optimal budget allocation. To do so, we vary the value of 

the maximum flood resilience that Tiger Dams can provide from 6 feet 

(which we have assumed so far) to 21 feet at 3 feet intervals. The opti-

mal budget allocation for these different resilience levels is reported in 

Table 4. We observe that as the effectiveness of preparedness measures 

improve, both the total disaster costs and the proportion allocated to 

permanent hardening decrease significantly. Specifically, comparing the 

last rows in Tables 2 and 4, we see that if Tiger Dams are as effective as 

a permanent hardening measure like walls, it obviates the need for sub-

station hardening and reduces the total cost from $69.02 M to $29.33 M. 

While this reduction is unrealistic unless there is a technological break-

through in ad hoc barrier design and manufacturing technology, it serves

Table 4 

Budget allocation for substation hardening and Tiger Dam acquisition for 

different values of maximum flood height that Tiger Dam can prevent.

Height Hardening Tiger Dam Deployment Load Loss Total

6 64.2 3.12 0.33 1.37 69.02

9 52.8 6.60 0.75 2.45 62.60

12 34.8 13.08 1.60 2.25 51.73

15 24.0 17.04 2.08 1.33 44.45

18 16.8 19.80 2.46 0.32 39.38

21 0.0 26.40 3.23 0.30 29.93

Table 5 

Budget allocation as a function of the permanent hardening cost.

V Hardening Tiger Dam Deployment Load Loss Total

25 18.45 0.24 0.02 0.05 18.76

50 32.85 3.12 0.27 0.35 36.59

75 48.38 3.12 0.33 1.10 52.93

100 64.20 3.12 0.33 1.37 69.02

as a bound on how low the cost could be if they were that effective. 

To visualize the differences in the solutions corresponding to first- and 

second-stage decisions between the base case when T max
 =𝑖  6 and the 

case when T max 

𝑖 = 15, we refer to Fig. 5b and d. From the figures, we can

infer that because Tiger Dams can effectively prevent flooding up to 15 

feet, much fewer substations undergo permanent hardening. The solu-

tions for the cases when T 

max 

𝑖 is set to 9, 12, 18, and 21 feet, respectively 

are in Appendix A.3.

4.6. Effect of change in substation hardening costs

In Table 5, we observe that as long as the per-foot variable hardening 

cost is more than the Tiger Dam unit cost ($40,000), the recommended 

budget that should be allocated to Tiger Dam acquisition and deploy-

ment remains almost the same. We further notice that irrespective of 

how inexpensive permanent hardening is, it forms the major component 

of the overall disaster cost in an optimal budget. When the hardening 

budget is reduced to half of the default value of $100,000/ft, the load 

loss cost is almost one fourth the original value, whereas if the hardening 

budget is reduced to 1/4 of its default value, the load loss cost decreases 

to approximately 1/27 of its original value. However, because the cost 

of load loss is much lower than the other costs (hardening and prepared-

ness measures), its contribution to the change in the overall cost remains 

minimal as the hardening cost changes. Note that the cost of load loss is 

small as it is minimized via optimization because of the high load loss 

penalty at VOLL of $6000.

4.7. Effect of discounting for future costs

We assume so far that we can neglect potential discounting that could 

be applied to future load loss costs. Implicitly, we assume a discount rate 

of 0 % for the 5–10-year planning horizon considered for making the first 

stage hardening decisions. Given the low discount rates typically used 

in public projects such as grid hardening, the relatively short planning 

horizon, and the homogeneous storm distribution throughout this time 

frame, we argue that discount rate variations would have minimal im-

pact on optimal first- or second-stage costs and decisions. We now test 

this hypothesis with a limited set of experiments where we incorporate 

the discount rate into the objective and vary its value. For these exper-

iments, we assume a 10-year planning horizon and VOLL of $6000. We 

also assume that an average of 1 storm causes load loss each year. This 

average is in line with the latest trends for the number of hurricanes that 

hit the Texas coast. The assumption that severe hurricanes are equally 

likely to occur early or late in the planning horizon means that we can 

compute an average cost of load loss for any year and treat the recurring 

costs over the years as uniform series. We then compute the correspond-

ing discount factor for the given discount rate and incorporate it into 

the objective function. This factor replaces 𝑌 = 10 (corresponding to the 

factor for the discount rate of 0 %) in the objective. We test three values 

of the discount rate: 0 % (default), 3.5 % (more likely value in practice), 

and 8 % (a relatively high value used to see the sensitivity of results). 

Fig. 6 shows the results in terms of the total cost and its composition. 

The figure confirms that the composition of the optimal total cost does 

not change drastically with the discount rate. We confirm that the first-

and second-stage decisions change only slightly, resulting in a small re-

duction in optimal hardening and tiger dam acquisition costs and a small 

increase in future load loss costs, as expected.
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Fig. 6. Total cost and its composition as a function of discount rate.

5. Conclusions

We propose a three-stage stochastic MIP model to assist in transmis-

sion grid resilience planning against extreme flood events. We further 

develop a case study using a grid instance that represents the coastal 

part of the Texas’s transmission grid and the storm-surge flood maps de-

veloped by NOAA. Using the flood maps as scenarios in the three-stage 

model, we capture the network-wide impact of correlated flooding on 

the grid.

With the help of the case study, we demonstrate how the proposed 

model can be used to address a diverse range of questions related to grid 

resilience. This involves examining the influence of load loss value on the 

optimal budget for mitigation and preparedness measures. Additionally, 

we evaluate how factors such as the restoration time, the effectiveness of 

preparedness measures, and the cost of substation hardening impact the 

allocation of the optimal budget for power grid resilience. The signif-

icance of considering preparedness measures while making mitigation 

phase decisions is quantified by the model. Specifically, we show that 

through coordinated short- and long-term decision making, we can re-

duce overspending by almost 14 %. The extensive parametric study 

reveals the necessity of substantial investments in substation hardening 

in addition to ad hoc flood barriers even when the loss of load is assumed 

to have a very low value. Failure to make such resilience investments 

can result in a disproportionate increase in economic losses in the after-

math of flood events. Importantly, our parametric analysis demonstrates 

that for the Texas Gulf Coast region, the relative budget allocation rec-

ommendations remain robust across a wide range of VOLL values, with 

permanent hardening consistently emerging as the dominant strategy to 

minimize total disaster costs.

For future research, we propose three directions: (1) Developing 

models that account for equity when making budget allocation de-

cisions for power grid resilience. (2) Creating flood-scenario genera-

tion approaches that simultaneously account for both storm-surge and 

precipitation-induced flooding. (3) Testing our assumption that the 

probability distribution from which hurricanes are sampled is time-

homogeneous, and examining how this assumption impacts resilience 

decisions and budget allocation for implementing such decisions. This 

includes investigating the effects of incorporating the temporal ordering 

of hurricane events on optimal investment strategies.
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Appendix A. Appendix 

A.1. Reformulation of the non-linear constraints

We first consider the linking constraints (6) and (7). These con-

straints can be linearized using the big-𝑀 -based reformulation. To do 

so, we observe that in an optimal solution, the Tiger Dam protection 

level at all of the flooded substations within each short-term model will 

either be 0 or a non-negative value that is greater than the permanent 

hardening level at that substation. This is because in all other cases, the 

deployment of a Tiger Dam will incur an additional deployment cost and 

yet will not provide any additional resilience as compared to what has 

been achieved with permanent hardening.

Consequently, constraints (6) and (7) can be reformulated as follows. 

( )

∑

 

∑

 

 

 

𝑙ℎ 

 

, 

𝑘
 

with in𝑙∈H ∈T𝑖 

𝑖𝑙 𝑙 𝑖
𝑙𝑡 𝑖𝑙  𝑝 𝑖𝑘  

 

First, for simplicity, we replace max 

both the constraints. Therefore, we can replace constraints (6) and (7) 

in the BAM with the following set of constraints:

Δ 𝑖𝑘𝑚 ≤ 𝑝 𝑖𝑘 + 𝑀(1 − 𝑧 𝑗 ), ∀𝑗 ∈ B 𝑖 

, ∀𝑖 ∈ I 𝑓 , (A.1a)

Δ 𝑖𝑘𝑚 ≥ 𝑝 𝑖𝑘 − 𝑀𝑧 𝑗 + 1, ∀𝑗 ∈ B 𝑖 

, ∀𝑖 ∈ I 𝑓 , (A.1b)

𝑝 𝑖𝑘 

≥ 

𝑙∈H 𝑖

𝑙ℎ 𝑖𝑙 

, ∀𝑖 ∈ I 𝑓 , (A.1c)
∑

𝑝 𝑖𝑘 

≥ 

∑

𝑙∈T 𝑖

𝑙𝑡 

𝑘
𝑖𝑙 , ∀𝑖 ∈ I 𝑓 , (A.1d)

𝑝 𝑖𝑘 

≤ 

∑

𝑙∈H 𝑖

𝑙ℎ 𝑖𝑙 

+ 𝑀 

∑ 

𝑙∈T 𝑖

𝑡 

𝑘
𝑖𝑙 , ∀𝑖 ∈ I 𝑓 , (A.1e)

𝑝 𝑖𝑘 

≤ 

∑

𝑙∈T 𝑖

𝑙𝑡 

𝑘
𝑖𝑙 + 𝑀(1 − 

∑

𝑙∈T 𝑖

𝑡 

𝑘 

𝑖𝑙), ∀𝑖 ∈ I 𝑓 . (A.1f)

Moreover, based on the observation that if a Tiger Dam is deployed at a 

substation, its resilience level will always be higher than the permanent 

hardening level at that substation, we further employ the following set 

of valid inequalities:

ℎ 𝑖,𝑙′ + 𝑡 

𝑘
𝑖,𝑙 ≤ 1, ∀𝑙 

′ ≥ 𝑙, 𝑖 ∈ I 𝑓 . (A.2)

Next, we linearize constraints (14). To do so, let us first introduce an 

additional variable 𝛼 𝑟 

for each branch 𝑟 such that 𝛼 𝑟 

= 𝑧 𝑟.h 

𝑧 𝑟.t 

. In this

case, constraints (14) is equivalent to the following:

|𝑒 𝑟 − 𝐵 𝑟(𝜃 𝑟.h 

− 𝜃 𝑟.t 

)| ≤ 𝑀(1 − 𝛼 𝑟), ∀𝑟 ∈ R, (A.3a)

𝛼 𝑟 

≤ 𝑧 𝑟.h 

, ∀𝑟 ∈ R, (A.3b)

𝛼 𝑟 

≤ 𝑧 𝑟.t 

, ∀𝑟 ∈ R, (A.3c)

𝛼 𝑟 

≥ 𝑧 𝑟.h 

+ 𝑧 𝑟.t − 1, ∀𝑟 ∈ R. (A.3d)

To linearize the absolute value function in constraints (A.3a), we replace 

it with the following constraints:

𝑒 𝑟 

− 𝐵 𝑟 

(𝜃 𝑟.h 

− 𝜃 𝑟.t 

) ≤ 𝑀(1 − 𝛼 𝑟 

), ∀𝑟 ∈ R (A.4a)

𝐵 𝑟 

(𝜃 𝑟.h 

− 𝜃 𝑟.t) − 𝑒 𝑟 ≤ 𝑀(1 − 𝛼 𝑟 

), ∀𝑟 ∈ R. (A.4b)
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Lastly, we replace constraints (18) with the following linear equivalents:

𝜃 𝑟.h 

− 𝜃 𝑟.t ≤ ̄ 𝜃 𝑟 

, ∀𝑟 ∈ R (A.5a)

𝜃 𝑟.t 

− 𝜃 𝑟.h ≤ 

̄ 𝜃 𝑟 

, ∀𝑟 ∈ R. (A.5b)

A.2. Tightening the big-𝑀 values in the BAM

The reformulated constraints in Appendix A.1 have several con-

straints with big-𝑀 terms which can be tightened further. We claim that 

the smallest value of big-𝑀 which satisfies constraints (A.1a) is 𝑊 𝑖 

. To 

verify this, observe that − max(H 

𝑚𝑎𝑥, T 𝑚𝑎𝑥) ≤ Δ 

 

− 𝑝 

 

≤ 𝑊 

 

. Now, in𝑖 𝑖 𝑖𝑘𝑚 𝑖𝑘 𝑖  

constraints (A.1a), we need

Δ 𝑖𝑘𝑚 

− 𝑝 𝑖𝑘
𝑀 

≤ 1.

The smallest value of 𝑀 that ensures this is 𝑊 𝑖 

and is for the case when 

𝑝 𝑖𝑘 

= 0 and Δ 𝑖𝑘𝑚 

takes the maximum value of 𝑊 𝑖 

. Similarly, the big-𝑀
value for constraints (A.1b) is determined to be max(H𝑚𝑎𝑥

𝑖 , T 𝑚𝑎𝑥)𝑖  + 1. 

Next, we determine the value of big-𝑀 s for constraints (A.1e) and 

(A.1f
∑

). To do so, let us consider a case when 𝑙∈T𝑖  

𝑡 

𝑘 =𝑖𝑙  1. Therefore,
 

constraints (A.1e) and (A.1f) reduce to: 

𝑝 𝑖𝑘 

≤ 

∑

𝑙∈H 𝑖

𝑙ℎ 𝑖𝑙 

+ 𝑀, ∀𝑖 ∈ I 𝑓 , (A.6a)

𝑝 𝑖𝑘 

≤ 

∑

𝑙∈T 𝑖

𝑙𝑡 

𝑘 

𝑖𝑙 , ∀𝑖 ∈ I 𝑓 

. (A.6b)

In Eqn. (A.6a), a value of 𝑀 = T 

𝑚𝑎𝑥 ensures that constraints (𝑖 A.6a)
∑

𝑝𝑖𝑘 =
 

 𝑙∈T 

𝑙𝑡 

𝑘 . Using the same approach,
𝑖 𝑖𝑙  remain inconsequential and 

the value of 𝑀 in constraints (A.6b) is determined to be H 

𝑚𝑎𝑥
𝑖 

.

Lastly, the value of 𝑀 in constraints (A.3a) is 𝐵 

 

𝜃̄ 

 To 

 

. verify this𝑟 𝑟  ,

consider the case when 𝛼𝑟 = 0. This happens when either one or both 

the end buses of branch 𝑟 are not operational. Consequently, constraints 

(12) and (13) imply that 𝑒 = 0. Therefore, we𝑟  need to determine a value 

of 𝑀 that upper bounds the value of the expression |𝐵 

 

(𝜃 h 

− 𝜃 t 

)|. We𝑟 𝑟. 𝑟.  

know that 𝜃 

 |𝜃 h 

− 𝜃 t| ≤ ̄
 

 

from constraints (𝑟. 𝑟. 𝑟 18) and hence, it follows 

that 𝑀 = 𝐵 

̄ In𝑟𝜃 𝑟 .   

 

the case when 𝛼𝑟 = 1, big-𝑀 has no impact on the

equation.

Fig. A.1. Plots A.1(a)–A.1(e) show the optimal first- and second-stage solutions of the BAM for different VOLL values. Plots A.1(f)–A.1(j) depict the solutions for 

different VOLL for decoupled decision-making (modeled as the BAM-D) described in Section 2.5. Plots A.1(k)–A.1(n) show the solutions for different maximum Tiger 

Dam effectiveness levels (T 

max
𝑖 ) as discussed in Section 4.5. The sub-caption shows the value of the only parameter (VOLL or T 

max
𝑖 ) that is varied from the parameter’s

default value ($6000/MW-hr or 6 ft) to produce the plot. We refer to Section 4.1 for an explanation on how to interpret these figures.
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A.3. Visualization of first- and second-stage solutions of the BAM

Fig. A.1 presents the first- and second-stage decisions for different 

parameterizations of the BAM.

Data availability

Data will be made available on request. 
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