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Geohazards, including landslides, flooding, and erosion, have consistently posed challenges
to US infrastructure. As commercial and governmental space transportation become more
widespread, the effect of natural disasters on space launch infrastructure also grows more
pronounced. For example, hurricanes have significantly disrupted operations at Cape Canaveral
Space Force Station and Kennedy Space Center, notably the Space Launch System tests in 2022.
To sustain the growth of the space industry and accommodate future launch demands, new
spaceports may need to be constructed: This paper develops a spaceport network design model, in
order to rigorously identify new spaceport locations that satisfy launch demand while remaining
resilient to natural disaster impacts. We begin with a deterministic facility location planning
model, then advance to a chance-constrained (CC) version to address the stochastic nature of
natural disasters. We base our probability distributions for natural disaster occurrences on
annual frequency data, which supports the formulation of our Chance-Constrained Spaceport
Facility Location Planning (CC-SPFLP) model. This model also incorporates impact factors—
frequency and duration of different natural disaster types, as well as the spatial correlations
between adjacent location candidates to optimize spaceport placement. Our experimental
results demonstrate that the CC-SPFLP model ensures a probability of satisfying all demands
at a level greater than or equal to 1 − 𝜖 , where 𝜖 represents a predefined confidence level.

I. Introduction

A. Background and motivation

Resilient launch infrastructure is crucial as we continue to explore space with goals of advancing scientific knowledge,
ensuring national security, and developing the national economy. Data from the United Nations Office for Outer Space
Affairs indicates that the US alone launched over two thousand satellites in 2023, with Cape Canaveral, Kennedy Space
Center, and Vandenberg Space Force Base being responsible for launching the vast majority of these missions [1].
However, the vulnerability of these facilities to natural disasters poses significant challenges to mission success. By
strategically placing new spaceports in locations less prone to natural hazards such as hurricanes, earthquakes, and
thunderstorms, we can minimize the risks associated with launch operations and ensure that scientific and exploratory
endeavors in space are not interrupted [2]. Having a resilient network of spaceports in the future aligns with the focus
on Space Access, Mobility, and Logistics (SAML), as outlined in the US Space Force Commercial Space Strategy [3].

The strategic placement of spaceports is also critical for bolstering national security. The US, China, and the
Russian Federation each operate more than 100 military satellites [4]. However, the susceptibility of spaceports to
natural hazards poses a threat to the deployment of these defense assets. The resilience of space infrastructure and, by
extension, national security interests, rely heavily on a network of resilient spaceports.

The development of resilient spaceports is also partly influenced by economic incentives. The space industry has
seen a remarkable pattern of growth in the past few decades, exceeding $350 billion in total value in 2023. Commercial
ventures including satellite construction, private launches, and ground equipment sales accounted for over two-thirds
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of this value [5]. The vulnerability of spaceports to natural disasters poses risks to investment, job creation, and
technological advancement in the space domain. To draw analogy to other industries, the failure of major infrastructure
can result in significant setbacks. For instance, a minor disturbance to a port affecting roughly 20 shipping containers
can incur a loss of over $200,000 per day [6]. An event damaging railroad infrastructure may lead to losses of close to
$2B a day [7]. Spaceports, while not yet as integral to the economy, are becoming increasingly significant and merit
careful consideration to avoid catastrophic shutdowns.

B. Research problem

With the growing demand for commercial satellite services, advancements in reusable vehicle technology, and the
anticipation of increased human spaceflight, the Federal Aviation Administration (FAA) forecasts a gradual rise in
rocket demand. Projections indicate a low-to-high range of 61-94 launches in fiscal year 2023, expanding to a range of
123-288 launches by FY2027 [8]. This trend has sparked interest from government entities, private corporations, and
industry stakeholders in addressing the challenges of spaceport location planning.

By deploying resilient space infrastructure in regions less prone to natural hazards, we can mitigate risks, attract
private capital, and foster the development of new technologies and industries. This paper aims to design a discrete
facility location planning model to identify locations suitable for spaceports, representing a step forward in ensuring the
sustainability and success of space endeavors.

C. Prior works

We begin by examining previous research on the impacts of natural disasters. [9] sorts disasters into several
categories, including geophysical (earthquakes, volcanoes, tsunamis), meteorological (hurricanes, thunderstorms,
tornadoes, lightning), and hydrological (flood, inundation). Each listed disaster represents a specific threat posed to
infrastructure as a direct result of its intensity, frequency, or formation speed. The authors suggest both structural
solutions, such as design modifications, and non-structural solutions, such as relocation, to mitigate the impacts of
these events. Other studies, including [10] and [11], identify key negative impacts of natural disasters on infrastructure,
including increased stress levels caused by an uptick in demand, reduced response times, lower serviceability, and
diminished performance. Both papers stress the need to design resilient infrastructure to prevent these adverse situations.
[12] investigates the economic impacts of natural disasters on infrastructure, focusing on losses caused by damages to
infrastructural development, foreign direct investment, and human capital. A critical gap in the literature exists regarding
spaceports, which remain relatively rare compared to other infrastructure [13].

Our previous work in [14] focuses on establishing a set of spaceport locations which minimize costs (e.g., launch
costs, flight rerouting expenses, etc.) However, achieving this objective is contingent upon addressing numerous
constraints, including meeting the demands of space launches, avoiding densely populated areas along launch trajectories,
and enforcing minimum distance requirements for selected spaceports to mitigate the risks posed by natural disasters.
To effectively navigate these challenges, the paper utilizes a deterministic facility location planning model, without
nuanced consideration of natural disaster risk. Thus, while the spaceport locations suggested by the model in [14] is
cost-optimized, it does not account for resilience against natural disaster impact.

To build a resilient spaceport network, we employ the chance-constrained (CC) programming approach. [15]
provides a comprehensive review of the fundamentals and recent advancements in CC programming. This method
categorizes problems into two main types based on the source of uncertainty: Right-hand side (RHS) and left-hand
side (LHS). The distinction between these types lies in the location of uncertainty within the chance constraints. For
our CC-SPFLP model, the uncertainty originates from the capacities of spaceports, classifying it as an LHS problem.
LHS problems can be effectively addressed using the Sample Average Approximation (SAA) method [16], which
approximates the original chance constraint with a finite discrete distribution. This reformulation allows the CC
programming model to be tractably solved as a Mixed-Integer Linear Program (MILP).

II. Contributions of Work
The contributions of the work described in this paper are as follows:
1) We develop an algorithm for spaceport location planning that integrates joint-distributional considerations to

account for the impact of multiple different types of natural disasters.
2) We implement a criticality analysis to differentiate between the impact of various types of disasters. This allows
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us to estimate the annual occurrences of eight different types of natural disasters at a county-level, and determine
the launches affected per year.

III. Methodology
Drawing upon previous research on deterministic spaceport location planning, this section delves into the CC

programming approach. We detail the random variables incorporated into the algorithm, the structure of the CC-SPFLP
optimization problem, and introduce the concept of impact factors to gauge the severity of natural disaster impact on
launch infrastructure.

To decide optimal locations for a spaceport network, we employ the facility location planning problem, which is
a discrete optimization problem that involves determining the placement of facilities which optimizes an objective
function while meeting specified constraints. Typical examples include placing factories, warehouses, healthcare
centers, or other service centers in a way that minimizes costs, maximizes efficiency, or satisfies demand [17]. For the
natural disaster-resilient spaceport network planning problem, we initially develop a deterministic spaceport location
planning model (SPFLP) [14] that requires chosen locations to be situated more than a pre-set distance apart from
each other. This constraint establishes a physical separation between spaceports, acting as a buffer to insulate against
natural disasters. However, this is a deterministic approach (i.e., we do not account for uncertainties associated with
natural disasters), and is not very nuanced (i.e., it is difficult to rigorously select a pre-set distance). Thus, we augment
the SPFLP by incorporating chance constraints that integrates probabilistic data regarding natural disasters, thereby
allowing for the determination of optimal spaceport locations which factor in the variability and uncertainty of natural
disaster occurrences.

A. Natural disaster selection

A total of eight natural disasters were chosen for their potential to significantly damage or restrict spaceport
operations. The relative severity of each event as well as its probability to occur were taken into account during the
construction of the model. A breakdown of each disaster is as follows:

1) Hurricanes: A common occurrence near coastal regions such as Florida, hurricanes pose a significant threat to
spaceports due to high winds, storm surges, and heavy rainfall which can cause extensive structural damage to
both spaceports and spacecraft [18].

2) Coastal flooding: Though rare in many areas, coastal flooding events may overwhelm critical infrastructure and
equipment, leading prolonged closures of spaceport facilities. They are especially dangerous in low-lying coastal
regions [19].

3) Lightning: Lightning storms and other similar events will immediately lead to a full shutdown of all launches
at NASA sites; even the presence of a thundercloud has the potential to cause launch delays due to the risk of
lightning strikes [20].

4) Earthquakes: These events can cause severe structural damage to launch pads, control centers, and other critical
infrastructure. Seismic activity may also disrupt ground-based navigation systems and communication networks,
resulting in delayed or aborted launches. Though the impact of earthquakes on spaceports has not been directly
studied, several works have examined their impacts on other infrastructure such as railways [21].

5) Tornadoes: Though localized, tornadoes can cause extensive damage to buildings, vehicles, and other
infrastructure at spaceports. The high winds and flying debris associated with tornadoes can also result in
significant operational delays [22].

6) Ice storms: Ice storms can coat surfaces with a thick layer of ice, leading to hazardous conditions for personnel,
damage to infrastructure, and delays in launch schedules. The weight of the ice can also lead to communication
disruptions or even structural collapses [23].

7) Wind: High wind speeds, even outside of hurricanes and tornadoes, can impact launch schedules and safety.
Strong winds can cause physical damage to launch vehicles and infrastructure, and make ground operations
hazardous [20].

8) Hail: Hailstorms can cause significant damage to vehicles, buildings, personnel, and sensitive equipment. Hail
can puncture surfaces, shatter windows, and lead to costly repairs and operational delays [24].

3



B. Deterministic SPFLP

We begin with a summary of the SPFLP model from our previous work in [14]. The goal of the SPFLP model is to
determine the set of locations to serve as a network of spaceports such that the cost of selecting that launch location (e.g.,
transportation, operations, per-rocket launch costs, aircraft rerouting costs, etc.) is minimized. Spaceport candidates
are evaluated at the county level, where the set of all continental US counties serves as possible locations to build a
spaceport. The counties selected must satisfy the following problem constraints:

• Given a space launch mission, we categorize it by its payload’s intended semi-major axis and orbital inclination
once it is in orbit. Based on historical launch data, we find the number of launch missions per category and
estimate demand for each mission type. The selected group of spaceport counties must satisfy the demand of all
mission types.

• Trajectories of rockets launched from a selected spaceport cannot traverse over areas with high population and
territories of neighbouring countries (e.g., Canada and Mexico).

• Each pair of selected spaceports must be adequately separated to ensure continued launch capabilities in the event
of a natural disaster. Note that this constraint is a deterministic, non-tailored physical separation buffer in the
deterministic SPFLP. In the augmented version herein (CC-SPFLP), we will refine this constraint.

For the deterministic SPFLP, there are three groups of decision variables {𝑥8}, {𝑦8� 9 }, and {𝑧}, encompassing respectively
the following decisions: (1) whether a specific county is selected as a spaceport candidate; (2) what types of missions
will be launched from a spaceport candidate county (and how many of each type); and (3) auxiliary decision variables
for the physical separation buffer constraint. The objective function is the sum of the following costs: The operation cost
and transportation cost are approximated by the median house value and average travel time of each county. The launch
cost measures the amount of thrust needed to launch a rocket into a specific orbit. Additionally, given a predetermined
launch angle and its surrounding hazardous area, we can keep track of the number of impacted commercial flights.
Multiplying the number of impacted flight by the unit re-routing cost per flight from [25], we are able to estimate the
flight re-routing cost for all launch mission types.

To parameterize launch demand within our model, we first project and estimate the US space launch demand by the
year 2030. This estimation is grounded in historical launch data as sourced from the FAA [26]. Utilizing this estimated
demand, we then calculate the required number of spaceports, denoted by 𝐾 . This calculation hinges on the anticipated
capacity of a single spaceport and the estimated demand of space launch determined by 2030. Furthermore, the SPFLP
generates couplings between decisions of which county is selected as a spaceport candidate, and the assigned mission
types and quantity per spaceport candidate. This provides an assignment plan for each mission type. For additional
details on the deterministic SPFLP model, we refer readers to [14].

C. CC-SPFLP

For the deterministic SPFLP, we apply distance constraints to ensure that the spaceport network is robust with
respect to a generic disaster of a specified size. However, there are different types of natural disasters that can severely
impact the functionality of a spaceport, such as earthquakes, tornadoes, ice storms, and so on. Furthermore, the range
and frequency of each natural disaster also vary widely. Therefore, the minimum-distance constraint is insufficient to
deal with all types of natural disasters.

Given historical data of natural disasters’ annual frequencies (such as those obtained from, e.g., [27]), we formulate
the Chance-Constrained SPFLP model (CC-SPFLP). In CC-SPFLP, we denote 𝜉 as a random variable of a natural
disaster’s annual occurrence and 𝜖 as the confidence level. The idea behind the CC-SPFLP is that we generate samples
of the random variable 𝜉 based on the annualized frequency data, and for at least (1 − 𝜖) × 100 percent of all samples
the demand of all types of missions are satisfied. For instance, we consider 𝜉 to represent the annual occurrence of
hurricanes, generate samples of 𝜉 with the size of 10000 and set 𝜖 = 0.01. The CC-SPFLP then ensures that at least
(1 − 𝜖) × 100 = 99% (or 9900 of out 10000) of the cases, the spaceport locations remain unaffected by hurricanes. To
present this idea in an optimization model, we add a constraint stating that the probability of all demands being satisfied
has to be larger than or equal to 1 − 𝜖 . This can be represented as

Pr

 
#Õ

8=1
(𝑃 − 𝜉8)𝑥8 ≥ 𝐾

!
≥ 1 − 𝜖, (1)

where 𝑃 is set as the capacity of a spaceport and 𝑃 − 𝜉8 represents the number of launches a spaceport can accommodate
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when a natural disaster occurs. With the chance constraint de�ned above, we formulate the CC-SPFLP as follow:

min
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In addition to de�ned variables above, we use the same notation as the previous deterministic SPFLP model in [14].
Given that the chance-constrained term is non-convex, we propose an MILP reformulation to guarantee that in at

least95%of scenarios (wheren= 0.05), the demand for all types of missions will be met, even under the impact of a
natural disaster. To achieve this, we represent the probability distribution as an expectation:
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In the above formulation,# B represents the sample size and1� Í #
8=1 ¹%� b8ºG8� :

� is an indicator function with the value of

one if the demand constraint is satis�ed. Moreover, based on the de�nition of expectation, we can model the chance
constraint as

1
# B

# BÕ

B=1

1� Í #
8=1 ¹%� b ¹Bº

8 ºG8� :
� � 1 � n• (4)

The indicator function within the formulation is still non-convex and thus making the optimization model not tractable.
Therefore, we introduce a binary variableI to model the indicator function and apply the big-" technique to integrate
the chance constraint into the optimization model. We denoteI B as a binary variable for sampleB, with I B = 1 when the
demand constraint cannot be satis�ed. Therefore, the constraint that under at least# B¹1 � nº scenarios the demand
constraint holds is equivalent to the statement that the total number of scenarios where the demand constraint does not
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hold is less than or equal ton#B. By introducing the big-" term, we are able to reformulate the CC-SPFLP as follow:

min
G–H–I
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The" term is a very large positive number. WhenI B = 1,  � " I B is a very large negative number and thus constraint
(5b) will always hold. Moreover, it is obvious that the demand constraint is satis�ed whenI B = 0. Therefore, by
controlling the number ofI B where it is equal to 1 (constraint(5c)), we can make the chance constraint hold and thus
deriving the tractable MILP form of the CC-SPFLP model.

D. Correlated samples of natural disasters

One key element of the CC-SPFLP is the sampling of each type of natural disaster. In this paper, we derive the
distribution of occurrences from the annual frequency data of eight types of natural disasters, enabling us to obtain
samples from these distributions. However, in our initial approach, the samples of occurrences at each candidate
location are assumed to be independent. This assumption does not hold in practical scenarios, as adjacent location
candidates often experience simultaneous impacts during natural disasters. Therefore, to account for the correlations
among occurrences at adjacent locations, we assume that the random variables representing natural disaster occurrences
follow a Gaussian distribution. With this assumption, we are able to construct a covariance matrix and obtain correlated
samples (which is represented as a random vector of size# ).
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For the two-dimensional case the covariance matrix of random variablesb1– b2 can be represented as
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wheref andd are the standard deviation and the correlation betweenb1 andb2, respectively. If we have occurrence
data at each county, we will be able to derive the variance of data at each countyf b8 and the correlation at any two
countiesdb8– b9, and thus sampling correlated# dimension random vectors via
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In practice, deriving correlations between random variables can be challenging due to issues like missing data points at
some locations or having only mean values of the variables available. In such cases, non-parametric methods can be
utilized to construct the covariance matrix. In this paper, given our access only to frequency data of each type of natural
disaster at each candidate location, we employ the squared exponential covariance function to generate the covariance
matrix. The function is de�ned as follows:

: ¹G– G0º = gexp
�
�

j3 � 30j
;2

�
– (9)

wherej3 � 30j represents the spatial distance between two location candidates. The larger the spatial distance between
the candidates, the smaller the covariance between these locations. Moreover,; is a parameter to determine how quickly
the correlation between locations decay with distance, whileg scales the output value of the covariance function. By
tuning both; andg, we can generate a covariance matrix with reasonable values and thus obtaining correlated sample
using (8).

E. Impact factor consideration

To incorporate uncertainties into the CC-SPFLP, it is imperative to quantify the occurrences of natural disasters
within a county and their respective impacts. Each type of disaster exhibits varying levels of impact; for instance, in
Mobile, Alabama, lightning strikes occur approximately 156.4 times annually [28], with an average system recovery
duration (ready for the next launch operation) of 3 hours [20]. Conversely, hurricanes occur at a rate of only 0.3
events per year, but they necessitate potentially much longer recovery periods. These distinct impact characteristics are
quanti�ed through the incorporation of impact factors in the CC-SPFLP.

In order to ascertain the impact factors, we introduce the Criticality Analysis (CA) methodology [29]. CA evaluates
the potential failure of components, subsystems, or systems in the event of adverse occurrences such as natural disasters.
This methodology takes into account criteria such as event frequency, system impact, and event duration to accurately
quantify the impact factors. The relationship between these parameters is given in(10), where� represents the criticality
of the event occurring (in this case, a natural disaster),5 represents the frequency of the event, and3 represents the
duration of the event, with the recovery time estimated based on analyzed historical data.

� = 5 � 3• (10)

We utilized the annualized frequency data [28] from the Federal Emergency Management Agency (FEMA) in
the CC-SPFLP model. This annualized frequency is de�ned as the number of historical occurrences (i.e., recorded
events or event-days) of a speci�c hazard type within a known period of record per geographic area. For events such as
earthquakes and coastal �ooding, the annualized frequency value signi�es the likelihood of a hazard occurring within a
given year. It is important to note that not all hazard occurrences are deemed relevant for the calculation of annualized
frequency. Subject matter experts have established criteria to determine which hazard occurrences are included, typically
focusing on events capable of causing signi�cant damage (e.g., hail with a diameter greater than 0.75 inches).

To assess the criticality across various natural disasters, Table 1 presents the average duration3 (in days) required
for businesses to restore physical operations�we make the assumption that this is equal to the recovery time required to
resume launches. With the derived impact factor for each type of natural disaster, the chance constraint is reformulated
as follows:

Pr

 
#Õ

8=1

¹%� �b 8ºG8 �  

!

� 1 � n– (11)

where¹%� �b 8º is the capacity of a spaceport after being impacted by the natural disaster, with� calculated via(10).

IV. Experiment and Discussion

A. Experiment setup

For the �ight trajectory data and cost information used in our CC-SPFLP model, we adopt the same settings as those
detailed for the SPFLP model. For further details, we refer readers to the paper on the deterministic SPFLP model [14].
In our experiments, we consider the eight types of natural disasters previously mentioned, constructing samples for each
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Hazard type Mean time for a county to regain
physical functionality (days)

Hurricane [30] 14

Coastal Flooding [31] 4

Lightning [20] 0.125

Earthquake [32] 561

Tornado [33] 6.45

Ice Storm [34] 0.88

Strong Wind [35] 0.125

Hail [36] 0.5
Table 1 Estimated mean time for infrastructures to regain physical functionality after each type of natural
disasters. Source cited per row.

type based on annual frequency data [28]. To generate correlated samples of occurrences, we utilize the non-parametric
squared exponential covariance function, described in Section III.D. This method is chosen due to our limited data,
which only includes the mean values of occurrences. The log-scale parameter is set as; = ln 2 and the scale factorg is
set as0•1+9– 9= 1–2– • • • – ), where+9 is the variance of occurrences of type9across all locations. We use this value to
approximate the variance of occurrences at each location candidate.

B. Experiment results

1. Individual impact of natural disaster

The optimal solutions of the CC-SPFLP, impacted by each individual type of natural disaster, are illustrated in
Figures 1a-1h. Additionally, visualizations of the frequency data for all types of natural disasters are presented in Figures
3a- 3h. From these �gures, we note that the spaceport network layouts under the impact of earthquakes, tornadoes, hail,
ice storms, and strong winds are identical. This uniformity is due to the combined in�uence of frequency and criticality
in determining a spaceport's vulnerability to natural disasters. For disasters like earthquakes and tornadoes, which have
high criticality but low frequency, their signi�cant potential impacts do not preclude spaceport construction at those
locations due to the low likelihood of occurrence. From the CC-SPFLP perspective, the chance constraints are not
violated. Conversely, for natural disasters such as lightning, strong winds, ice storms, and hail, which occur frequently
but have low criticality, the high occurrence rate is ameliorated by the mild impact of each individual event. We also
note that even if the optimal solutions of locations are the same for the aforementioned natural disasters, the optimal
solutions in terms of mission assignments di�er from each other.

Lightning, hurricanes, and coastal �ooding signi�cantly impact spaceport operations. Although lightning has a
relatively low criticality, its high frequency makes it a signi�cant natural disaster. As illustrated in Figure 3h, lightning
occurrences are more frequent along the East and Gulf coasts compared to the West Coast, leading to a preference for
selecting spaceports on the West Coast. A similar geographical pattern is observed with hurricanes, which are prevalent
along the Gulf and West Coasts. In response, the CC-SPFLP model strategically selects four West Coast locations
and assigns the majority of missions there. Coastal �ooding presents the greatest challenge due to its relatively high
criticality and signi�cant occurrence across the West, East, and Gulf Coasts. To manage this risk within the constraints
of demand, the CC-SPFLP model mitigates the uncertainty of coastal �ooding by favoring the construction of more
spaceports on the West Coast.

2. Joint impacts of natural disasters

In practice, multiple occurrences of various types of natural disasters throughout a year necessitate the design of a
spaceport network that is resilient againstall considered types of natural disasters. In developing our model, we initially
assign a set of decision variables to each type of natural disaster, and then incorporate a consensus constraint to ensure
resilience under the combined impact of all natural disasters. As depicted in Figure 2, the analysis reveals that ten
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(a) Coastal �ooding (b) Earthquake

(c) Hurricane (d) Tornado

(e) Hail (f) Ice storm

(g) Strong wind (h) Lightning

Fig. 1 CC-SPFLP results for di�erent types of natural disasters.

spaceports have been selected, with �ve located on the West Coast. Compared to solutions optimized under separate
uncertainties, the joint CC-SPFLP model tends to favor more spaceport selections on the West Coast to meet the chance
constraint for launch demand. Additionally, the pattern of results from the joint CC-SPFLP model exhibits similarities
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