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Abstract Urban air mobility (UAM), as an emerging
transportation mode, represents an effective strategy to
alleviate ground traffic congestion and is expected to be
promoted globally in the coming years. This study focuses
on the data-driven optimization of vertiport location. By
integrating travel choice modeling with a three-phase multi-
objective integer programming (TP-MOIP) model based
on K-means clustering analysis, the study provides
decision-making support for scientific vertiport network
planning. The study combines revealed preference (RP)
and stated preference (SP) surveys, employing binomial
logistic regression to analyze the probability of individuals
choosing UAM, while introducing time value coefficients
to identify potential user groups. Utilizing ride-hailing
order data, potential vertiport locations were identified
through K-means clustering. The developed TP-MOIP
model simultaneously optimizes the objectives of demand
coverage maximization and cost minimization across three
implementation phases. Using Shenzhen as a case study,
the feasibility of the proposed approach was validated. The
results show that the average selection probability for
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UAM is 16.7%, with time-sensitive users being a critical
demographic. In addition, the TP-MOIP model achieved a
demand coverage rate of 88.21%. Sensitivity analysis indi-
cates that the land cost budget has the most pronounced
impact on demand coverage. This research establishes
both theoretical foundations and practical methodologies
for vertiport location optimization, offering substantial
implications for advancing UAM development.

Keywords urban air mobility (UAM), travel choice
modeling, clustering algorithm, vertiport location opti-
mization

1 Introduction

The Advanced Air Mobility (AAM) Ecosystem refers to
economic activities such as commerce, public services,
and personal consumption conducted using various low-
altitude aircraft within airspace below 1,000 m. Advance-
ments in drone technology, improvements in flight
control systems, and adjustments in airspace management
policies are all driving the expansion of the AAM
Ecosystem from its traditional roles in military reconnais-
sance and surveillance to broader applications, such as
agriculture, logistics, and urban transportation. With the
intensification of traffic congestion in urban and suburban
areas, the ground driving time required for people’s
commutes is constantly increasing. During peak hours,
traffic congestion at a single intersection can cause an
economic loss of CNY 1,277 per hour and generate 238
kg of CO, emissions in a typical Chinese metropolitan
area (AutoNavi, 2024). This congestion not only results
in additional travel time, but also leads to reduced effi-
ciency and lost productivity (Falcocchio and Levinson,
2015). Furthermore, studies show that prolonged driving
time significantly increases pollutant emissions, exacer-
bating air pollution and climate change, which may ulti-
mately trigger public health crises (Nadrian et al., 2019).
Given these challenges, there is an urgent need to explore
alternative transportation modes. UAM is regarded as an
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effective strategy to alleviate traffic congestion in large
metropolitan areas due to its unique airspace utilization
capability and significant emission reduction effect (Yan
etal., 2024; Du et al., 2025).

The concept of UAM originates from the idea of
“flying cars,” and later NASA proposed a formal defini-
tion: a system that uses Vertical Take-Off and Landing
(VTOL) aircraft to build an air traffic route network in
dense urban environments, with the goal of playing an
important role in future urban and intercity transportation
(Goyal et al.,, 2018). UAM can be categorized into
passenger services, cargo services, and other services
according to application demands (Cohen et al., 2021).
Among these, passenger services have evolved into two
main operational modes: air shuttle service and air taxi
service (Long et al., 2023). Initially, air shuttle services
were operated as “corridor services” (Bauranov and
Rakas, 2021), primarily operating on fixed routes, such as
those connecting airports and city centers. As demand
increased, the system has evolved into a hub-and-spoke
network centered on vertical transportation hubs, which
connects neighboring vertiports through radial routes and
reduces operating costs via regularly scheduled shared
flights. Air taxi services provide near-point-to-point on-
demand services utilizing infrastructure of various sizes
based on urban density and flight demand. As shown in
Fig. 1, the whole process of air taxi service is divided into
three main phases: (i) from origin to initial vertiport, (ii)
between initial and target ver-tiports, and (iii) from target
vertiport to final destination (Rajendran and Srinivas,
2020). The European Aviation Safety Agency (EASA)
established the world’s first regulatory framework for
urban air taxi operations (European Union Aviation
Safety Agency, 2022). Dubai stands as one of the global
pioneers in air taxi pilot programs. In 2017, the Dubai
Roads and Transport Authority (RTA) collaborated with
Volocopter to conduct the world’s first test flight of an
autonomous air taxi. In 2019, Singapore initiated an air
taxi pilot program in partnership with Volocopter,
completing multiple successful test flights. The Federal
Aviation Administration (FAA) granted approval to Joby
Aviation’s air taxi initiative in 2023, authorizing experi-
mental flight operations (Joby Aviation, 2024). In China,
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Fig. 1 Process of air taxi service.

EHang Intelligent established a 5G-enabled UAM Expe-
rience Center in Guangzhou, deploying an operational
base for autonomous aerial vehicles.

Although UAM pilot programs have advanced rapidly
worldwide, megaci-ties face unique implementation chal-
lenges due to their high population density and complex
traffic structures. This study aims to support decision-
making in optimizing vertiport placement in megacities
and to promote the sustainable development of UAM. To
achieve this goal, we focus on travel choice modeling,
demand estimation, and vertiport location optimization
for UAM systems, using Shenzhen as a case study. The
main contributions of this work are as follows:

1) In terms of travel choice modeling, this study inno-
vatively combined two survey methods, RP and SP, and
collected the acceptance of and willingness to pay for
UAM services among high-net-worth individuals through
1,386 valid questionnaires. The study analyzed the proba-
bility of individuals choosing UAM using a binomial
logistic regression model. The results showed that the
average selection probability was 16.7%, indicating that
UAM, as an emerging mode of transportation, has viable
market potential. The research innovatively introduced
the concept of the time value coefficient. By quantifying
an individual’s trade-off between time cost and monetary
cost, it identified potential user groups with high time
sensitivity, providing important data for subsequent
demand analysis and location selection.

2) Regarding the location optimization problem, this
study proposes a TP-MOIP model based on spatial clus-
tering. The study first employed the K-means algorithm
for OD point cluster analysis. The final silhouette coeffi-
cient was 0.43 and the DBI was 0.77, indicating good
clustering quality. The subsequently constructed TP-
MOIP model innovatively utilizes an improved weighted
synthesis method, transforming the dual objectives of
demand coverage maximization and operating expense
minimization into a single objective function, while
incorporating a phased optimization mechanism to reflect
UAM network construction dynamics. Model results
demonstrate that with weight parameter ¢ = 0.8, the three-
phase implementation achieves 88.21% demand cover-
age.

3) Through sensitivity analysis, this study systematically
evaluated the impact of key parameters such as land cost,
labor cost, and transportation accessibility on demand
coverage. The research finds that the land cost budget has
a significant positive impact on the demand coverage
rate, and its sensitivity increases as the construction stage
progresses. The labor cost budget and transportation
accessibility constraints have obvious phase-specific
characteristics. The monotonicity in the early phase may
cause abnormal phenomena, but the demand will be met
in the subsequent phase.

The remainder of this paper is organized as follows.
Section 2 presents a review of the literature. Section 3
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analyzes travel choice behavior using survey data.
Section 4 proposes a vertiport location model with a
K-means clustering algorithm. Section 5 conducts
systematic sensitivity analysis on key model parameters.
Section 6 summarizes the main findings obtained in this

paper.

2 Literature review

This section presents the literature of travel choice
modeling, UAM demand estimation and vertiport siting
optimization.

2.1 Travel choice modeling

Existing research indicates that the demand for UAM is
influenced by multiple factors. Ugur Eker et al. (2020)
conducted online questionnaire surveys and statistical
analyses, revealing that public acceptance of UAM was
significantly affected by demographic characteristics,
travel behavior patterns, and subjective attitudes. Simi-
larly, Boddupalli et al. (2019) surveyed 2,500 commuters
in six major metropolitan areas (including Atlanta) and
found that, in addition to travel time and cost, service
frequency and ground transportation conditions also
significantly influenced UAM demand. As shown in
Table 1, a synthesis of existing studies suggests that the
key demand factors for UAM can be summarized into
three main categories: individual user characteristics,
service supply characteristics, and external environmental
conditions.

Individual user characteristics include subjective accep-
tance and objective demographic characteristics. The
Technology Acceptance Model (TAM) proposed by
Davis et al. (1989) provides a theoretical basis for such
research, which predicts an individual’s acceptance of
technology by measuring their intentions. The study
found that the public was more likely to accept UAM
services offered by well-known companies. Meanwhile,
Anania et al. (2018) observed significantly higher support
for neighborhood drone operations among African Amer-
ican residents compared to White residents.

Regarding service supply characteristics, safety, relia-
bility, and user control rights are the most critical influ-
encing factors. Merat et al. (2017) emphasized that
system reliability and safety constitute the foundation for

Table 1 Key demand factors for UAM adoption

building trust.

External environmental conditions, including weather,
infrastructure development, policies and regulations,
competitive pressure from alternative transport modes,
community acceptance, etc. (Vascik, 2017, Zhuo et al.,
2025) significantly impact UAM development. A NASA
survey (Goyal et al., 2018) revealed that up to 81% of
respondents were willing to use UAM services in both
hot and cold weather. However, worsening weather
conditions (e.g., snowfall, fog, or turbulence) substantially
increased users’ safety concerns. In addition, regional
disparities in airspace management policies directly
constrain UAM deployment.

Based on a quantitative analysis of travel mode choice
influencing factors, potential user groups of the UAM
system and their spatial distribution characteristics can be
accurately identified. These demand-side analytical
results provide significant guidance for vertiport location
selection decisions. An in-depth understanding of the
spatial distribution pattern and dynamic change character-
istics of UAM demand is an important prerequisite and
theoretical foundation for scientifically planning the
vertiport network.

2.2 UAM demand estimation

Studies on UAM demand estimation can be categorized
into micro-level and macro-level analyses based on the
granularity of investigation. Microlevel estimation
focuses on individual travel decisions, while macro-level
estimation deals with group aggregation characteristics.

In the field of the micro-level estimation, scholars have
developed various innovative modeling approaches. Roy
et al. (2021) constructed a mode choice model based on
discrete choice theory, which can accurately identify high-
potential users for business airport shuttle services by
analyzing travelers’ utility functions. Wu and Zhang
(2021) proposed an integer programming-based optimiza-
tion model that innovatively incorporates the time-value
function of travelers in the Tampa Bay area (Florida) to
estimate demand through travel cost minimization.

In the field of the macro-level estimation, Becker
et al.’s (2018) gravitational model study represents a
groundbreaking contribution. Their model enhances the
traditional distance decay function by incorporating inno-
vative indicators such as urban economic scale and indus-
trial complementarity, successfully predicting intercity

Key demand factors

Characteristics and elements

Individual user characteristics

Subjective characteristics: Public acceptance of UAM, travel preferences, brand awareness, etc.

Objective characteristics: Age, gender, purchasing power, political orientation, nationality, etc.

Service supply characteristics

External environmental conditions

Comfort, reliability, safety, cost-effectiveness, and flexibility

Weather conditions, infrastructure development, policy and regulations, incentives from alternative transport modes,

and community acceptance
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UAM demand patterns for major global urban agglomer-
ations by 2042. Furthermore, research from professional
consulting institutions has expanded the scope of
application scenarios.

Research on UAM demand estimation can be categorized
into two service types: air taxi services and airport shuttle
services, as summarized in Table 2.

In terms of the demand estimation for air taxis, Ilahi
et al. (2021) constructed the first large-scale discrete
choice model covering an entire metropolitan area,
systematically evaluating indicators of willingness to pay,
including the value of travel time, and the cross-elasticity
of various transportation modes. Meanwhile, Rimjha
et al.’s (2021) empirical analysis for Northern California
further shows that fare levels are decisive for UAM
demand, and that sufficient market size can only be
developed in the lower fare range.

In terms of the demand estimation for the UAM airport
shuttle service, scholars have explored key issues such as
user preferences, pricing strategies and economic feasi-
bility through discrete choice models and empirical anal-
yses. Brunelli et al. (2023) identified the main factors
influencing users’ choices of UAM airport shuttles for
Bologna Airport in Italy: income level, air travel
frequency and willingness to carpool positively impact
demand, while habits of relying on ground transportation,
high household car ownership, and lack of experience
with automated driving systems negatively affect
demand. Hae Choi and Park (2022) quantified competitive
fares for UAM through a multinomial logit model based
on ground transportation data from Incheon Airport in
Republic of Korea. They pointed out that relying solely
on time-saving advantages is difficult to achieve

Table 2 Key UAM demand studies by service type

economic feasibility and should be supplemented by
dynamic pricing and operator collaboration strategies.

In research exploring UAM as a component of hybrid
transportation services, scholars have focused on factors
influencing user acceptance and its potential environmental
benefits. Al Haddad et al. (2020) found that UAM accep-
tance is significantly influenced by trust in automation,
perceived value of time, and social attitudes through
factor analysis and ordered logit modeling. Cho and Kim
(2022), based on a case study of Seoul, demonstrated that
UAM has significant emission-reduction potential for
medium-distance travel.

2.3 Vertiport location optimization

2.3.1 Clustering algorithms

The application of the K-means clustering algorithm in
vertiport location optimization is primarily reflected in its
ability to identify potential ver-tiport locations through
spatial data clustering analysis. This method can effectively
analyze the spatial distribution patterns of traffic demand.
Specifically, the algorithm aggregates high-demand-density
traffic analysis zones or population activity hotspots into
distinct demand clusters. The travel demand within each
cluster can then be served by its corresponding cluster
center (i.e., the candidate vertiport locations). This approach
optimizes both the spatial coverage and demand allocation
efficiency of vertiports, thereby providing data-driven deci-
sion support for urban air traffic network planning. By
dividing a city into regions and grouping similar regions
into categories, planners can better understand the demand
characteristics and variations across different areas.

. . . . Data type .
Service type Year Continent Country /region City (Sample size) Modeling approach Source
Air taxi 2018 Asia Indonesia Greater Jakarta RP/SP (5,143)  Multinomial & Mixed Logit Ilahi et al. (2018)
Models
Air taxi 2017 Global - - SP (692) Correlated Grouped Random ~ Ahmed et al.
Parameter Model
Air taxi 2018  North America USA (multi-state) ~ Atlanta, Boston, SP (2,500) Multinomial, Logit, Mixed, Boddupalli et al.
Dallas-Fort, Worth, Logit & Latent Class Models
San Francisco. Los
Angeles
Air taxi 2018 Europe Germany Munich SP (228) Multinomial & Mixed Logit Fuet al.
Models
Alr taxi 2019  North America USA (California) Northern California ~ Multi-source Mixed Logit Model Rimjha et al.
Urban Area Data set
Airport shuttle 2022 Europe Italy Bologna SP (225) Multinomial & Mixed Logit ~ Brunelli et al.
Models
Airport shuttle 2019 Asia Republic of Korea Seoul Airport Ground  Multinomial & Mixed Logit Hae Choi & Park
Access Data set Models
Airport shuttle 2019  North America USA (California) Los Angeles Multi-source Mixed Logit Model Rimjha et al.
Data set
Mixed services 2018 Europe Germany Munich SP (221) Exploratory Factor Analysis, Al Haddad et al.
Multinomial Logit & Ordered
Logit Models
Mixed services 2020 Asia Republic of Korea Seoul SP (1,710) Multinomial & Mixed Logit Cho & Kim

Models
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The K-means algorithm and the K-means++ algorithm
are widely used in current vertiport location planning
problems (Arthur and Vassilvitskii, 2006; Jiang et al.,
2025; Zhou et al., 2025a). Rajendran and Zack (2019)
proposed an improved method to enhance the initial seed
selection in k-means. First, they calculated the fitness of
candidate locations based on the percentage of demand
satisfaction, then selected the top 10 candidate locations
as inputs to the k-means algorithm. Compared to traditional
k-means, this approach generates significantly fewer
clusters, thereby limiting the number of required vertiport
locations and improving operational efficiency. Wei et al.
(2020) applied the K-means++ algorithm to initialize both
continuous and discrete p-median models by minimizing
the demand-weighted distance from customers to UAM
infrastructure. Their study highlights the importance of
optimizing infrastructure locations to ensure efficient
capital utilization.

There are many other innovative combinations based
on the k-means clustering algorithm. For example, the
multi-criteria initiation algorithm integrates multi-criteria
decision-making with an iterative k-means clustering
process to construct a two-phase location planning
model. This model explicitly incorporates socio-
economic factors of potential UAM passengers (Salama
and Srinivas, 2020; Zhou et al., 2025b). The k-median
algorithm, a hierarchical clustering method, can partition
geographic areas into regions and further group passengers
into demand-based clusters. Lim and Hwang (2019)
applied the k-median algorithm to cluster transportation
zones in Seoul and employed the Silhouette method
(Rousseeuw, 1987) to validate cluster quality.

2.3.2 Other methods

Rath and Chow (2022) developed a demand model inte-
grating travelers’ decision-making processes and UAM
service choices, proposing a generalized optimization
framework based on the hub location problem to optimize
vertiport placement in urban areas. Chen et al. (2022)
introduced a grid-discretization-based location selection
model that screens candidate locations by relaxing grid
constraints and innovatively employs a variable neigh-
borhood search algorithm to solve the mathematical
programming problem. Other scholars have extended
classical operations research frameworks to address this
challenge. For instance, Ale-Ahmad and Mahmassani
(2021) formulated the location selection problem as a
capacitated location-allocation-path problem with time
windows, establishing a mixed-integer programming
model to derive optimal solutions.

2.4 Research gaps and contributions

Compared with existing research, the innovation of this
paper mainly lies in the systematic integration of the

methodology and the dynamic and scenario-driven opti-
mization framework.

First, in terms of methodology, this study does not
regard UAM demand forecasting and facility site selection
as two independent links. Instead, it constructs an inte-
grated analytical framework that organically connects the
binary Logit selection model based on RP/SP surveys,
potential user identification based on time value coeffi-
cients, K-means spatial clustering, and multi-objective
integer programming. This framework effectively bridges
the gap between the behavior of micro individuals and
the planning of macro networks.

Secondly, in terms of model architecture, addressing
the limitation where most existing site selection models
are static optimizations, this paper innovatively proposes
a three-stage multi-objective integer programming (TP-
MOIP) model. The core advantage of this model lies in
its “phased” optimization mechanism, which can simulate
the phased construction process of the vertiport network
and provide decision-makers with a clear, phased devel-
opment roadmap that considers efficiency at each stage.
This represents a significant advance over traditional
single-stage static models.

Finally, at the data and application level, this study
combines RP/SP surveys and introduces a time value
coefficient to accurately identify “time-sensitive users” as
the core target customer group. This approach is more
nuanced and precise than discussing “potential users” in
general terms. Through an in-depth sensitivity analysis of
the Shenzhen case, the dynamic impact patterns of key
parameters such as land cost on planning schemes were
revealed, providing a valuable regional complement and
empirical validation to the existing research system
primarily based on European and American cities.

3 Travel choice modeling

3.1 Questionnaire survey

In the field of travel behavior research, the primary methods
for studying individuals’ mode choice include RP and SP
surveys.

RP surveys rely on actual behavioral data, assuming
that individual choices reflect true preferences and utility
maximization. Their key strength lies in data objectivity
and authenticity, but estimation bias may occur due to
constrained choice sets in real-world scenarios. To
address this issue, researchers employ methods such as
conditional logit models and mixed logit models to mitigate
choice-set limitations. SP surveys, on the other hand,
collect preference data through hypothetical scenarios.
While their flexible experimental design is advantageous,
they are prone to social desirability bias and hypothetical
bias. Techniques like conjoint analysis and discrete
choice experiments (DCEs) are commonly used to mini-
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mize these biases. Both RP and SP methods have
complementary strengths and limitations: RP provides
real-world validity but suffers from limited choice vari-
ability, whereas SP offers design flexibility but may lack
behavioral realism. To enhance the robustness of find-
ings, this study integrates RP and SP data, enabling a
more comprehensive analysis of travel mode choices and
improving the reliability of preference inferences.

The RP survey in this study comprises 14 questions,
including 8 on travel characteristics and 6 on socio-
economic attributes. Travel characteristics focused on
respondents’ most recent or typical intercity trip. Key
behavioral data (e.g., trip purpose, chosen mode, and one-
way cost) were collected through structured questions to
minimize recall bias. Socio-economic variables covered
gender, age, occupation, and income. Sensitive information
(e.g., income and job position) was grouped into intervals
(e.g., low/medium/ high tiers) to balance privacy
concerns with analytical needs. These variables are
complementary: Travel parameters (distance, cost, etc.)
directly capture behavioral preferences, while socio-
economic factors explain group variations (e.g., high-
income individuals preferring faster/more expensive
modes, and car owners favoring driving). This multidi-
mensional approach provides robust variable inputs for
multinomial logit models, enabling precise estimation of
factor weights. It is worth noting that although the inter-
valization of sensitive information loses some data accu-
racy, it meets the privacy protection needs of Chinese
respondents and significantly improves the questionnaire
completion rate.

The SP survey in this study comprises seven core ques-
tions designed to systematically assess willingness to use
air mobility services. For travel intention measurement, a
1-7 point scale was employed to evaluate both regular
and peak-hour mode choice preferences (scores 5-7
coded as 1 for “would choose”; 1-4 coded as 0 for
“would not choose™), preserving response gradients while
accommodating binary choice modeling. Willingness to
pay was assessed through dual approaches: open-ended
monetary value questions combined with travel-cost
multiples, capturing both absolute price sensitivity and
income-adjusted preferences. Connection service evalua-
tion incorporated: time (< 5 min = 0; 5-10 min = 1; >
10 min = 2) and distance (< 3 km = 0; 3-5 km = 1; >
5 km =2), as well as the open-ended questions of the
connection mode, providing a basis for service optimiza-
tion. This multidimensional design ensures data robustness
while meeting analytical requirements for discrete choice
modeling.

AAM-enabled tourism is emerging as a significant
sector within the tourism and transportation industries,
particularly appealing to high-net-worth individuals and
quality-seeking tourists. 2024 market data indicates an
average spending per customer ranging from 2,000 to
5,000 CNY in this sector, underscoring its premium

market positioning. This study surveyed Executive
Master of Business Administration (EMBA) and Master
of Business Administration (MBA) students at Sun Yat-
sen University and other high-income groups, distributing
9,000 questionnaires with 1,386 wvalid responses
collected. With a 95% confidence level and a margin of
error within 6%, the results demonstrate high statistical
validity, providing reliable data for further analysis.The
classification of the questionnaire survey questions is
shown in Table 3.

To systematically analyze individual travel choice
behavior, the information in the questionnaire were cate-
gorized into four groups: personal attributes, family
attributes, travel attributes, and other attributes. Figure 2
displays the proportional distribution of these categories,
providing a visual representation of the data structure for
subsequent analysis.

As shown in Fig. 2, the survey results indicate a relatively
balanced gender distribution. The majority of respondents
are young to middle-aged individuals from middle-
income groups, with most holding grassroots or middle-
level positions. In terms of car preference, economy cars
are the most popular. Regarding family car ownership,
nearly 70% of families own one car, while the proportion
of families without cars is similar to those with two cars;
families with multiple cars account for a small propor-
tion. For family size, three-to-four-member households
are the most common, followed by households with five
or more members. Travel purposes include commuting,
tourism, business trips, and visiting relatives and friends.
For travel scenarios, cross-city travel is the most
common, followed by trips to city centers and transporta-
tion hubs. Usage of public transportation and private
transportation is roughly equal. Regarding travel compan-
ions, solo and paired trips are the most frequent, and self-
funded travel is significantly more common than
employer-funded travel. Additionally, most respondents
are willing to pay additional fees under specific condi-
tions. For transfer time and distance, respondents generally
prefer shorter durations and distances.

In the process of data analysis, the Multinomial Logit
Model (MNL) was adopted. This model is a type of
discrete selection model and is widely used to analyze the
selection behavior of individuals in a finite selection set.
In the context of UAM travel choices, the MNL model
can effectively reveal the competitive relationship among
different travel modes and predict the probability of an
individual choosing a specific travel mode. The basic
formulation of the MNL model is as follows:

Pi_'= ’ (l)

¢

keC

where P;; represents the probability of individual i
choosing transportation mode f, and V;; denotes the utility
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Table 3 Classification of survey questions

Category Question description Summary
RP survey Q1. Primary purpose of the above trip Trip purpose
Q2. Estimated one-way distance of the above trip (km) Distance
Q3. Transportation mode actually used for the above trip Mode choice
Q4. Frequency of congestion during the above trip Congestion level
Q5. Typical one-way travel time for the above trip (min) Travel time
Q6. Number of accompanying persons during the trip Group size
Q7. One-way cost of the above trip Cost
Q8. Primary funding source for the trip expenses Cost source
Q9. User type User type
Q10. Gender Gender
Ql1. Age Age
Q12. Annual personal income before tax Income
Q13. Current job position Occupation
Q14. Number of family members Household size
Q15. Number of cars owned by household Car ownership
SP survey Q16. Willingness to use UAM in future trips UAM adoption

Q17. Willingness to use UAM during peak congestion hours

Q18. Maximum acceptable one-way fare for UAM on the above trip

Q19. If UAM reduces travel time to 1/4 of current duration (with safety guaranteed), acceptable fare

premium over current mode (times)
Q20. Maximum acceptable first/last-mile connection time (minutes)

Q21. Maximum acceptable first/last-mile connection distance (km)

Q22. Preferred first/last-mile connection mode

Peak-hour UAM choice
Absolute WTP
Relative WTP

Transfer time
Transfer distance

Transfer mode

function of mode j with C being the set of all available
transportation alternatives. In this study, there are only
two transportation options available: choosing UAM or
not choosing UAM. Therefore, the MNL model can be
simplified to a Binary Logit Model (BLM). The basic
formulation of the model can be expressed as:

eV
P(Y:1|X):Tev(x), (2)

where P(Y =1|X) denotes the probability of choosing
UAM given attributes X, V(X) represents the utility func-
tion typically specified as V(X) =By +8: X, +6. X, + -+
B.X,, with B being the parameter vector and X the
attribute vector.

The model parameters are estimated via maximum like-
lihood estimation (MLE). The coefficients directly indicate
the directional effects of attributes on UAM adoption
probability: negative values correspond to decreased pref-
erence, while positive values suggest increased prefer-
ence. These quantitative results inform policy formulation
and marketing strategies.

The final results indicate an average UAM adoption
probability of 0.167, suggesting that 16.7% of observed
individuals exhibit a preference for UAM. While this

proportion remains modest, it demonstrates measurable
market potential for this emerging transportation mode,
providing a promising development signal.

3.2 Numerical calculation of the time value coefficient

Time cost is a critical factor in travel mode choice. This
study employs the time value coefficient, quantified by
individuals’ willingness-to-pay for time savings, to
reflect subjective time valuation. The time value coefficient
directly influences transportation mode selection,
enabling identification of UAM service’s potential
adopters.

Specifically, the calculation formula for the time value
coefficient is as follows:

_ CTaXi - CUAM

V= B
TUAM - TTaxi

3)

where Cr,; and Cyay denote the price costs of taxi and
UAM, respectively, while Tr,,; and Tyam represent their
corresponding travel times.

This study assumes Tr,;=k-Tys, Where k is a
constant. Here, Ty, is the observed taxi travel time,
whereas Tyay is derived by dividing the straight-line
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User attributes

Gender Age

i High
Female Middle Age 1g|

51.7% 9.5%

11.9%

Low 30.1%
48.3%

Male

90.5%
Youth

Income

Position Car_type
Safety

Others

High Comfort

9.3% 0.4%

493% Middle

57.9%  Middle 22.3% Economy

41.4%
Primary

47.5%

Express

Family attributes

Car_number
Two

Three or more

\{9%
X%
None 4 04

67.7%
One

Family_member_num
Five or more

One
4.

Two 15.3%
57.9%

Three to four

Travel attributes

Purpose Vehicle

Visiting

Region
City center
Others

Private

31.5%
50.0%

[Commuting o
18.9% —
242%
44.4% Transportation
26.7% hub
Cross-city field

50.0%
Public
Business
Crowding level Follower_number

Three or more

Source_of_cost
Publicly funded
RO 12.1%

25% oo

87.9%

self funded

Urban air mobility attributes

Choice Intention Intention when crowding
No

16.7% 7
522% i

10.4%

37.4%

83.3% 374%

. 45
45

Shuttle_time

More than 10min

Yes

Willing to pay
3

47
‘n_z%

25.6%

Shuttle_distance

More than Skm

30.7% 222%

3km-Skm|

24.1%
Tess than Smin{KRREE
.08 53.7%
Smin-10min
Less than 3km

Fig. 2 Descriptive proportional structure diagram of the questionnaire.

distance between origin and destination by the cruising
speed. This assumption aligns with empirical observations
and prior research on taxi-UAM travel time ratios. The
value k =5 is adopted based on De-loitte’s report (2022),
where electric vertical landing and takeoff (eVTOL)
demonstrate 5 times higher cruising speeds than ground
transportation. For a 27-mile commute, ground transit
requires 74 minutes versus eVTOL’s 10-min cruise time
(25 miles). Including takeoff/landing and safety checks,
the total eVTOL time reaches 29 minutes. The time effi-
ciency becomes more pronounced for longer distances.
Notably, during the first cross-bay demonstration flight
on February 27, 2024, AutoFlight’s eVTOL completed
the Shenzhen Shekou-Zhuhai Jiuzhou route in 20
minutes, achieving 9% time reduction compared to the 2.5-
3 hours needed by ground transport.

Based on the Box-Cox transformation principle in
statistical modeling, this study applies a power transfor-
mation to individual time value coefficient, effectively

improving the distributional properties of the raw data.
The Box-Cox transformation constructs a continuously
differentiable family of power transformations through
parameter A, with the mathematical expression given by:

A

yi-1
A
In(y),

The transformation optimizes parameter A through
maximum likelihood estimation, ensuring the transformed
data y(1) satisfies normality assumptions. When 4 =1, it
reduces to a lincar transformation; when A=0, it
becomes logarithmic; other values enable nonlinear scal-
ing. For better data presentation, we additionally apply
linear shifting. Through this parametric variance-stabiliz-
ing approach, the originally right-skewed time value
coefficients are transformed into approximately normal
distributions, as shown in Figure 3. Based on the statistical
properties of the transformed data, this study identifies

, if A#0
if 4=0.

y() = 4)
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Distribution of time value coefficients after
Box-Cox transformation

Threshold: 2.88

0 1 2 3 4 5
Box-Cox transformed time value coefficients

Fig. 3 Normality transformation results.

individuals with time value coefficients in the top 16.7th
percentile as the time-sensitive cohort. This subgroup
exhibits significantly higher marginal utility of time and
greater propensity for mode switching given UAM’s time-
saving advantages, providing critical inputs for target
market segmentation in UAM demand modeling. These
analysis results can provide data support for the location
optimization of vertiport and optimize the accessibility
and convenience of UAM services based on the spatial
distribution characteristics of demand.

4 Methodology for vertiport location
optimization

In UAM system planning, vertiport location critically
impacts operational efficiency and service quality. This
study adopts a multi-phase location selection optimization
method based on spatial clustering, comprehensively
considering the urban spatial structure, the distribution of
travel demands and resource constraints, and constructs a
complete decision support framework for vertiport location
Optimization.

4.1 K-means clustering

In vertiport placement, identifying optimal locations is
critical. To address this challenge, this study employs the
K-means clustering algorithm to analyze OD (Origin-
Destination) points and determine potential verti-port
locations. The selection of K-means over alternative
methods such as hierarchical clustering, K-medoids, and
DBSCAN is based on several key considerations:

1) Scalability and efficiency: Compared to hierarchical
clustering with high computational complexity or K-
medoids algorithms with higher computational costs, the
K-means algorithm demonstrates significant efficiency
advantages when processing the large-scale online car-
hailing order data in this study (328,716 valid records),
which is crucial for iterative model development and
scenario testing.

2) Fitness for centroid-based site selection: Unlike
density-based methods such as DBSCAN, K-means is a

centroid-based clustering method. This characteristic
makes it particularly suitable for facility location
problems, as the generated cluster centroids can naturally
serve as candidate vertiport locations and minimize the
total travel distance (or cost) of passengers within clus-
ters, which aligns with the core objective of location
problems.

3) Alignment with policy objectives: This study
requires setting explicit vertiport construction quantity
targets based on policy. The characteristic of K-means
requiring pre-specification of the k value perfectly aligns
with this policy planning requirement, providing a clear,
deterministic, and policy-compliant network planning
framework. In contrast, methods like DBSCAN determine
the number of clusters based on data density, which may
not meet established infrastructure targets.

The K-means algorithm partitions data into k clusters
by minimizing the mean squared Euclidean distance
between points and cluster centers, where each center is
the arithmetic mean of its constituent points, expressed

mathematically as:
1
AT Z x, ®)

X€S;

where S; represents the set of data points in the i-th clus-
ter, u; is the centroid of the i-th cluster, x denotes a data
point, and |S ;| indicates the number of data points in cluster
S;. The centroid characterizes the data in its cluster, with
the Residual Sum of Squares (RSS) serving as the metric -
the sum of squared distances between each vector and its
centroid across all vectors, expressed as:

k
RSS = > sl (©)

i=1 xe§;

The goal of the k-means algorithm is to minimize the
RSS, which is formulated as:

k
Jmin 3> lh—pf )

i=1 xe§;

The K-means algorithm requires pre-specifying the
parameter k, then iteratively repeats the clustering
process until the cluster centers’ positions stabilize.
Specifically, it first randomly selects k data points as
initial cluster centers; then assigns each data point to its
nearest cluster center, forming k clusters; subsequently
recalculates each cluster’s centroid; and finally repeats
the assignment and update steps until either the cluster
centers converge or the preset maximum iterations are
reached. Based on Shenzhen’s relevant policy docu-
ments, this study sets k =200.

To evaluate the k-means clustering quality, two metrics
are employed: the Silhouette Coefficient and Davies-
Bouldin Index (DBI). The Silhouette Coefficient ranges
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from —1 to 1, where values closer to 1 indicate better
clustering performance. Its calculation formula is as
follows:

iy = b0 =a)

" max{a(i),b(i)}’ ®)

where a(i) represents the average distance from data
point i to all other points within the same cluster, while
b(i) denotes the average distance from data point 7 to all
points in the nearest neighboring cluster. The mean value
of the Silhouette Coefficient across all data points reflects
the overall clustering quality of the entire dataset.

The DBI is calculated as follows:

v o+
DBI = — s =1, 9
k ;max/;t'(d(cf,cj)) ©)

where o; denotes the average distance between data
points and the centroid within cluster i, and d(c;,c;)
represents the distance between the centroids of clusters i
and j.

In this study, the k-means algorithm was applied to
perform spatial clustering analysis on Shenzhen’s online
car-hailing order data. The number of clusters was set to
k=200, a parameter determined primarily by the
construction target of 174 vertical take-off and landing
airports outlined in the Shenzhen High-Quality Construc-
tion Plan for Low-Altitude Infrastructure (2024-2026)
(Development and Reform Commission of Shenzhen
Municipality, 2024), with adjustments made based on
regional area and service radius. The data source
comprised 328,716 valid order records from the On Time
platform in March 2024, after excluding short-distance
trips (< 5 km) and invalid orders during preprocessing.

The clustering quality evaluation yielded a silhouette
coefficient of 0.43 and a DBI of 0.77, indicating strong
intra-cluster homogeneity and inter-cluster separation,
thus meeting the research requirements.

4.2 Tri-phase multi-objective integer programming
model

This study addresses the location selection problem for
UAM vertical take-off and landing fields and constructs a
three-phase multi-objective integer programming model
(TP-MOIP) based on cluster analysis. The model adopts
an normalized weighted synthesis method, which trans-
forms the dual-objective optimization problem of maxi-
mizing demand coverage and minimizing operating costs
into a single objective function through normalization
and weight allocation mechanisms, achieving multi-
objective collaborative optimization while maintaining
computational efficiency.

The TP-MOIP model innovatively establishes a spatio-
temporal collaborative optimization framework: In the

temporal dimension, the construction period is divided
into three consecutive phases with clear engineering
significance. By introducing phase variables to reflect the
dynamic decision-making process of UAM network
construction, the model prioritizes high-demand areas in
the initial phase and gradually improves cost-effectiveness
in later phases, avoiding excessive investment while
ensuring rapid network formation.In the spatial dimen-
sion, a refined coverage assessment system is established
based on demand distribution patterns. The two dimensions
are organically integrated through the following
constraints:

1) Construction phase constraints ensure that investment
scales match implementation capacity at each phase;

2) Demand coverage constraints guarantee progressive
improvement in spatial service capacity;

3) Budget allocation constraints optimize the spatio-
temporal distribution of construction funds.

This framework effectively resolves the temporal
discontinuity and spatial incoordination of traditional
planning models.

4.2.1 Assumptions

The multi-objective integer programming model estab-
lished in this study is based on the following fundamental
assumptions:

1) The construction cost of vertiports is positively
correlated with the housing price level in their respective
traffic analysis zones.

2) The human resource cost for vertiport operations can
be effectively characterized by the average wage level of
their respective regions.

3) The Euclidean distance from vertiports to the city
center can effectively reflect their transportation accessi-
bility.

4) The spatial distribution pattern of ride-hailing origin-
destination (OD) data can effectively represent potential
UAM demand.

5) The Voronoi polygon boundaries formed by k-
means clustering define service coverage areas, with each
cluster’s travel demand requiring service exclusively
from its centroid vertiport, prohibiting cross-cluster
demand allocation.

4.2.2 Notation and mathematical formulation

The following notation is used in the formulation of the
TP-MOIP. Let J =1,2,3 denote the set of construction
phases and J represent the complete set of candidate
vertiports. For each vertiport j€ g, we define f; (in
meters) as its transportation accessibility, p; as its
demand coverage capacity, r; (in CNY) as its rental cost,
and s; (in CNY) as its salary expenditure. At the system
level, P, denotes the total demand requirement, Ry
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represents the total rental budget (in CNY), and S
indicates the total salary expenditure budget (in CNY).
The weighting coefficients @, B, and j satisfy the
constraint a+B+y=1. For each construction phase
J€YJ, N; constrains the maximum number of vertiports
that can be established, R; represents the allocated site
construction budget (in CNY), S, indicates the salary
expenditure budget (in CNY), and F; specifies the trans-
portation accessibility requirement (in meters) that must
be achieved.

With the parameter notation defined, we now introduce
the decision variables. Let J;; € 0,1 equal one if vertiport
J is established in phase i.

Based on these definitions, we formulate the TP-MOIP
model, which employs an innovative weighted compre-
hensive optimization approach to simultaneously address
two competing key objectives: maximizing demand
coverage and minimizing construction costs. To overcome
the technical challenge of comparing differently-scaled
indicators, the model introduces an enhanced bipolar
normalization technique for handling multi-objective
dimensional disparities. The resulting normalized bi-
objective function is mathematically expressed as

follows:
maxZ =a- (Z Zaijlf—"] B [Z Zainr—"]
i€l jeJ total i€l jeJ total
S;

For the UAM location selection problem, accounting
for the complexity of actual construction and the necessity
of phased development, this study extends a multi-objec-
tive integer programming model by introducing phase-
specific constraint conditions. Specifically, the model
aims to gradually deploy UAM locations across multiple
construction phases to simultaneously maximize total
demand coverage and minimize total expenditure, while
satisfying budget allocation, salary expenditure, and
transportation accessibility constraints at each phase.
Specifically, the model incorporates the following
constraints:

Za,.,.<1, Vjeld.

iel

(11)

1) Vertiport quantity constraint: This constraint limits
the number of vertiports N; that can be constructed in
each phase i to comply with resource and budget limita-
tions. By rationally controlling the construction scale at
each phase, it effectively manages resource allocation and
ensures sustainable project development.

Zal.j<Ni, Viel. (12)

jeJ

2) Land cost constraint: This ensures the land cost in
each phase i does not exceed the budget R;. As land cost
constitutes a major component of vertiport construction,
controlling it helps reduce overall investment risks and
enhances project feasibility:

D ro, <R, Vi€l

jeJ

(13)

3) Salary expenditure constraint: This guarantees the
salary expenditure in each phase i remains within budget
S.. Being a crucial part of operational costs, proper salary
control ensures operational sustain-ability:

D sidy<S,iel, (14)

jeJ

4) Transportation accessibility constraint: This requires
the transportation accessibility metric f; of vertiports in
each phase i to meet the minimum threshold F', ensuring
convenient access. Maintaining adequate accessibility
improves UAM service convenience and user satisfac-
tion:

Z f,>F, Viel (15)

jeJ

5 Case study

5.1 Data description

The key data used for model construction are obtained
from online channels and undergoes strict data cleaning
and preprocessing procedures.

The housing price data in this study primarily comes
from Lianjia's website. Using Python web crawler tech-
nology, we collected real-time housing price information
for residential communities across all 10 administrative
districts of Shenzhen, resulting in a total of 4,232 valid
data points. The spatial distribution and statistical charac-
teristics of these housing prices are visualized in Fig. 4.

Human resource cost data was estimated based on
comprehensive queries of relevant web page information,
combined with industry standards and market research
data.

Transportation accessibility, as an important indicator
of regional transportation convenience, was quantified by
calculating the Euclidean distances from each vertiport to
Shenzhen’s city center. Using high-precision map data,
we precisely measured these distances to serve as quanti-
tative indicators of traffic accessibility.

To clearly present the distribution characteristics of the
key input variables, Table 4 summarizes the descriptive
statistics (including mean, standard deviation, minimum,
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Fig. 4 Visual analysis of housing prices in Shenzhen for (a) Geographical distribution of housing prices and (b) Density heat map of

housing prices (Data source: Lianjia website).

Table 4 Descriptive statistics of key variables

Variable Mean Std. Dev. Min Max Median
Housing price 58,973.38 31,465.93 9,300.00 240,000.00 52,200.00
Human resource cost 14,149.00 2,968.52 9,900.00 20,600.00 13,100.00
Transportation accessibility 8.92 7.37 0.74 33.68 6.31

maximum, etc.) for the three core variables: housing
price, human resource cost, and transportation accessibil-

ity.
5.2 Results

This study employed the Gurobi 9.1.2 optimizer for solu-
tion, with a total solution time of 11,806 s. The resulting
optimal siting scheme under the TP-MOIP framework
exhibits a strategic phased progression: initial construction
prioritizes high-demand core areas to ensure immediate
service viability, followed by sequential expansion into
peripheral regions in the second and third phases. This
hierarchical growth pattern effectively balances the
immediate maximization of demand coverage with the
long-term accommodation of development potential in
emerging regions.

Having established the optimal spatial configuration,
we now turn to examine the trade-offs inherent in the
multi-objective optimization process. We analyzes the
impact of the weight parameter @ on system performance
through a parametric model, using the sum of land and
labor costs as the total cost metric. By setting S =7 and
applying heterogeneous normalization to both demand
coverage and cost elements, the Pareto frontier character-
istics demonstrate the trade-off between coverage rate
and cost objectives. This provides a decision-making
framework for resource allocation in UAM network plan-
ning. The Pareto analysis diagram is shown in Fig. 5, and

the corresponding numerical results for different @ values
are presented in Table 5.

When « is within the range of 0.65 to 0.9, the model
exhibits distinct phased characteristics, reflecting the
Pareto frontier properties inherent to multi-objective opti-
mization problems. In this high-a regime, the system
maintains a stable high-coverage plateau with fluctuations
below 1%, sustaining coverage near 88% while showing
limited total cost variation — a hallmark of diminishing
marginal returns. This demonstrates that when prioritizing
service coverage, the system automatically optimizes
resource allocation by selecting location combinations
with maximal unit cost coverage efficiency, a configuration
robust to minor cost weight adjustments.

When « is within the range of 0.5 to 0.65, the system
undergoes a significant transformation and enters a sensitive
transition zone. At this phase, it exhibits a distinct threshold
effect. Within this range, the coverage rate begins to show
an accelerating downward trend, while the cost-saving
effect becomes significantly enhanced. Specifically, for
every 0.05 decrease in @, the average coverage rate drops
by approximately 7 percentage points, while achieving
about 12% cost savings. This nonlinear response indicates
that the system has reached a critical turning point.
Beyond this point, continuing to emphasize the cost target
will lead to significant sacrifices in coverage quality. A
thorough analysis of the solution’s structural changes
reveals that at this phase, the model begins systematically
abandoning locations with higher unit coverage costs that



Shaorui ZHOU et al. Data-driven vertiport location optimization for UAM 13
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Fig. 5 Pareto analysis results.

Table 5 System performance under different a values

a Coverage rate (%) Total cost (10,000 yuan)
0.90 88.42 1109.68

0.80 88.43 1103.57

0.70 88.13 1103.81

0.60 84.13 1013.09

0.50 65.19 686.44

0.40 24.26 172.39

0.30 5.24 11.74

0.20 5.24 11.74

serve key areas, instead selecting alternative solutions with
better cost-effectiveness but more limited coverage capa-
bilities. This substitution does not occur uniformly but
rather exhibits a typical threshold effect.

When «ais less than 0.5, the system enters the cost-
dominated zone. At this point, the rate of decline in
coverage further accelerates, showing a nearly linear
degradation trend. The most notable feature of this phase
is the sharp reduction in the number of locations in

phases two and three, with construction resources highly
concentrated in the first phase of the project, leading to a
clear “centralization” tendency in the network structure.
Although this configuration achieved significant cost
savings on paper, it severely weakened the overall service
capacity and expansion potential of the network. It is
particularly worth noting that when « is between 0.3 and
0.65, although costs continue to decrease, the coverage
loss caused by unit cost savings becomes increasingly
significant, reflecting the continuous deterioration of
resource allocation efficiency.

From the perspective of spatial allocation, the construc-
tion models under different « values show regular
changes. In the region with higher @ values, the resource
allocation in the three phases is relatively balanced, and
the construction scale of each phase matches the budget
proportion well, forming a progressive network expansion
path. As a decreases, the proportion of resource allocation
in phase three drops significantly. When « reaches 0.35,
the final construction scale is only about 15% of the total
locations, and the budget proportion is less than 9%.
Although this "prioritizing the first phase over the later
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phases" allocation model controls the total expenditure in
the short term, it may lead to insufficient momentum for
network development. Specifically, this manifests as
insufficient coverage in edge areas and a decline in
network connectivity. These hidden costs are often
underestimated in simple cost calculations.

From the perspective of the cost structure, the ratio of
land cost to labor cost remains relatively stable within the
a value range of 0.65 to 0.9, maintaining a ratio of
approximately 4.5:1. This stability indicates that the
model automatically maintains a reasonable proportion of
operational investment during the optimization process,
without extreme cases where a certain type of expenditure
is overly compressed in pursuit of cost savings. In the
medium « -value range, the proportion of labor costs
increases significantly. This is mainly because in this
case, due to the excessive cost weight, costs are severely
reduced, the number of operating locations decreases, and
the demand coverage rate becomes seriously insufficient.

From the perspective of solution quality and stability,
a performs particularly well in the range of 0.65 to 0.9.
The solutions within this range not only achieve a high
coverage level, but also exhibit good robustness against
parameter disturbances. Tests show that when the cost
parameter fluctuates within =10%, the location selection
structure and spatial distribution of the solution maintain
good stability. The computational complexity for the high-
a region is significantly higher, with an average of 300 to
850 nodes required to reach convergence, and a computa-
tion time of 0.3 to 0.4 seconds. In contrast, for a = 0.60,
the solution requires approximately 50 node explorations
and takes 0.06 seconds. This difference stems from
changes in the shape of the objective function - which
produces more local optimal solutions when coverage is
dominant. In particular, when a = 0.85, the model gener-
ated 9 candidate solutions, while for @ =0.60, only 4
were produced. The diversity of the solution space varies
significantly.

The analysis of the weight parameter @ in this section
provides clear guidance for trade-off decisions in UAM
network planning. The results indicate that the value of «
can be categorized into three critical intervals:

1)  When service coverage is  prioritized
(a €[0.65,0.9]), the system can achieve efficient operation
with approximately 88% coverage while maintaining
good robustness, with @ =0.8 recommended as the
benchmark value.

2) In the transition interval (@ € [0.5,65)), the system
exhibits high sensitivity to cost variations, and coverage
decreases significantly as « declines.

3) When a < 0.5, this range applies to scenarios where
cost control is the absolute priority; however, a strictly
cost-driven strategy substantially compromises the
network’s service capability and long-term development
potential.

Therefore, decision-makers are advised to select a
directly from the intervals above based on their strategic
orientation, considering whether to prioritize service
quality or cost control, with @ = 0.8 serving as the initial
recommended solution for general application scenarios.
In practice, the precise calibration of a can be further
refined through structured decision-support frameworks
that incorporate stakeholder preferences. For instance, the
Analytic Hierarchy Process (AHP) provides a systematic
methodology for translating expert evaluations into quan-
titative weights when trading off multiple conflicting
objectives (Thomas and Granberg, 2023). By organizing
expert workshops to rank the relative importance of
coverage, cost, and other potential factors, planners can
derive a context-specific a value that aligns with local
priorities and constraints, thereby enhancing the legitimacy
and applicability of the optimization outcomes.

5.3 Sensitivity analysis

As an important component of the future smart city trans-
portation system, the location-selection decision of UAM
directly affects the operational efficiency and service
quality of the entire system. In the actual planning
process, decision-makers face the challenges of multiple
constraints and uncertainties. This study, by establishing
a mathematical optimization model, focuses on examining
the influence of three key parameters-land cost budget,
labor cost budget, and transportation accessibility indica-
tors-on the demand coverage rate, providing a scientific
decision-making basis for the location selection of verti-
ports.

Sensitivity analysis, as an important tool for evaluating
the robustness of mathematical models, can help decision-
makers understand the extent to which changes in different
parameters affect the system outputs. This study adopted
the control variable method to systematically analyze the
impact of each parameter varying within a range of £20%
on the demand coverage across the three phases, revealing
the phased characteristics and nonlinear relationships of
parameter sensitivity. Additionally, the changes in the
number of vertiports in various districts of Shenzhen
within the range of parameter variations were explored.
The research results not only enrich the theoretical frame-
work of UAM planning but also provide important refer-
ences for resource allocation and risk management in
actual projects.

5.3.1 Land cost budgeting

As shown in Table 6, the impact of changes in land cost
budgets on demand coverage shows a significant positive
correlation. From Phase 1 to Phase 3, the coverage rate
improvement brought about by a 20% increase in the
budget was 7.09%, 8.15%, and 13.11% respectively,
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Table 6 Sensitivity analysis of land cost budget

Phase R1 (—20%) R2 (-10%) R3 (Base case) R4 (+10%) RS (+20%)
Phase 1 19.33% 20.51% 16.49% 18.74% 23.58%
Phase 2 45.00% 46.67% 44.73% 50.08% 52.88%
Phase 3 78.16% 83.72% 88.21% 91.24% 91.27%
demonstrating a significant phased amplification effect. tionship.

In Phase 1, the increase in budget has a relatively
limited impact on the improvement of coverage. This is
because the number of initial locations is relatively small,
and cost-effective locations are given priority, meaning
budget constraints are not the main bottleneck. When the
budget increased by 20%, the coverage rate rose from
16.49% to 23.58%, and the newly added locations were
mainly concentrated in the subcentral areas.

Phase 2 demonstrates greater sensitivity to budget
changes. A 20% increase in the budget raised the coverage
rate from 44.73% to 52.88%, with an absolute increase of
8.15 percentage points. During this phase, the newly
added locations are mainly distributed in the subcenters
of cities. While location costs in these areas are relatively
high, the demand densiety is also substantial. The
expanded budget allows the model to prioritize these high-
value locations.

The budget sensitivity in Phase 3 is most prominent. A
20% increase in the budget raised the coverage rate from
88.21% to 91.27%. Although the percentage change may
seem insignificant, considering that the base coverage
rate is already relatively high, the absolute increase in the
actual covered population is very considerable. During
this phase, the additional budget is primarily allocated to
optimizing network coverage by selecting remaining high-
cost sites that fill critical service gaps.

Notably, the impact of budget reduction on coverage
shows nonlinear characteristics. In Phase 3, a 20% reduc-
tion in the budget decreases the coverage rate from
88.21% to 78.16%representing a substantial drop of
10.05 percentage points. This decline is significantly
larger than the 3.06-percentage-point gain achieved by an
equivalent budget increase, indicating the existence of a
critical budget threshold for UAM network deployment.
Below this threshold, a large number of high-value loca-
tions will not be selected, significantly reducing network
efficiency.

5.3.2 Labor cost budgeting

The data in Table 7 show that the impact of the labor cost
budget on demand coverage exhibits complex nonlinear
characteristics and phased differences. In Phase 1, an
increase of 10% in the labor cost budget raised the coverage
rate from 16.49% to 20.46%. However, when the budget
continued to increase to 20%, the coverage rate slightly
dropped to 17.99%, presenting an inverted U-shaped rela-

Under these constraints, a 20% increase in the labor
cost budget surprisingly results in lower Phase 1 demand
coverage compared to a 10% budget increase. This
abnormal phenomenon occurs because, with a 10%
budget increase, the algorithm achieves higher labor cost
utilization (83.13%) by prioritizing locations with optimal
demand-to-salary ratios, significantly boosting initial
coverage. In contrast, the 20% budget increase leads to
suboptimal location selection (71.68% utilization),
excluding some ultra-high-demand locations that must
then be compensated for in later phases - ultimately
yielding similar global coverage despite the higher initial
investment.

Phase 3 demonstrates the lowest sensitivity to labor
cost budget adjustments. A 20% increase in the budget
only slightly raised the coverage rate from 88.21% to
88.24%, with a very weak improvement effect. This is
because the operational efficiency in the mature phase
has reached a relatively high level, and network effects
have reduced the impact of individual verti-port perfor-
mance on overall system quality. This discovery holds
significant implications for practical planning: in the later
phase of UAM network construction, more resources can
be allocated to land costs rather than labor costs.

5.3.3 Transportation cost budgeting

As shown in Table 8, the impact of changes in transporta-
tion accessibility indicators on demand coverage shows
unique spatial distribution characteristics and temporal
dynamics. In Phase 1, a 20% increase in the indicator
raised the coverage rate from 16.49% to 20.99%, repre-
senting an increase of 4.5 percentage points. Analysis of
the location selection results reveals that the lower
demand coverage rate in Phase 1 is due to the preference
for building more vertiports in central areas, while
achieving higher demand coverage requires prioritizing
vertiports in peripheral areas. However, the unmet
demands will be addressed in subsequent phases. There-
fore, overall, easing the constraints on transportation
accessibility results in a monotonic increase in the
demand coverage rate, though with some fluctuations in
the early phases.

The Phase 3 results reveal the interaction between
transportation accessibility and network density. When
network coverage reaches a relatively high level,
improvements in transportation conditions have a limited
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Table 7 Sensitivity analysis of labor cost budget

Phase S1(-20%) S2 (—10%) S3 (Base case) S4 (+10%) S5 (+20%)
Phase 1 19.64% 20.45% 16.49% 20.46% 17.99%
Phase 2 47.71% 52.06% 44.73% 50.12% 50.00%
Phase 3 82.99% 87.62% 88.21% 88.21% 88.24%
Table 8 Sensitivity analysis of transportation accessibility

Phase F1 (-20%) F2 (-10%) F3 (Base case) F4 (+10%) F5 (+20%)
Phase 1 15.14% 20.06% 16.49% 20.57% 20.99%
Phase 2 44.61% 48.28% 44.73% 49.42% 50.83%
Phase 3 85.69% 87.32% 88.21% 88.76% 88.89%

impact on the overall system. A 20% increase in the indi-
cator only increased the coverage rate from 88.21% to
88.89%, representing an increase of less than 1 percentage
point. This is because the dense network layout already
provides good accessibility, further marginal improve-
ments contribute minimally.

5.3.4 Regional sensitivity analysis

Based on the multi-phase construction data of vertiports
in Shenzhen, this study systematically investigates the
dynamic impacts of three key factors-namely, land cost,
labor cost, and transportation accessibility — on the
construction scale and temporal distribution of vertiports
across administrative districts under varying budget
constraints. By developing five sensitivity scenarios
(including a 20% increase or decrease, a 10% increase or
decrease, and a baseline level), this study reveals the
region-specific response mechanisms under resource
constraints.

Table 9 presents the dynamic responses of location
construction across various districts to land cost variations
of £10% and £20%. Overall, land cost fluctuations have a
limited impact on the total construction volume in each
district, but significant variations exist in their internal
phase allocation.

In Futian District, when land costs increase, the number
of Phase 3 locations rises from 7 to 10, indicating a shift
of construction focus toward later phases under higher
land costs. Nanshan District exhibits a similar trend:
while the total locations in R3-R5 remain stable at 22-26,
Phase 1 locations increase from 8 to 12, indicating priori-
tized early-phase construction.

In Guangming District, the total locations grow stepwise
with land cost increases, rising from 5 in R1 to 11 in R5
(a 120% increase). Early-phase construction received
lower priority, but with budget rises, later-phase locations
increase significantly. As the district with the largest
construction scale, Bao’an District displays high sensitivity
to land cost constraints, with the total number of vertiport
locations growing from 31 in R1 to 40 in R5.Conversely,

Longgang District’s total locations drop from 24 to 18
when land costs rise, with Phase 3 locations decreasing
from 13 to 9, reflecting stringent land budget constraints.

Peripheral areas such as Yantian, Pingshan, Dapeng
New District maintain totals below 10 locations.
However, when the budget increases, Yantian and Ping-
shan each gain one additional location, indicating their
slight sensitivity to land costs. Analysis of vertiport loca-
tions indicates that clustering centers in Yantian are few
and concentrated in tourist areas like Dameisha and Rose
Coast, where land prices are relatively high. Notably,
Luohu District’s total remains stable (9-10 locations)
despite land cost fluctuations. Yet, with budget increases,
Phase 1 locations drop from 5 to 0, while Phase 2 rises
from 1 to 6, indicating optimized land resource allocation
via construction sequencing. Longhua District exhibits
high adaptability, with totals stable at 19-21 and fewer
than 3 fluctuations in location numbers across phases.

Table 10 shows that the impact of changes in labor
costs on location construction presents regional hetero-
geneity.

The total number of locations in Futian District and
Nanshan District remained stable at 19 and 22 respec-
tively, but the internal phase adjustment was significant.
In Nanshan District, the total number of locations only
dropped to 19 when the labor cost decreased by 20%.
Under standard conditions, the distribution of the number
of locations built by phase in Futian District was relatively
uneven. Only two locations were built in Phase 1.
Increasing or decreasing the budget for labor costs can
improve phase balance, but the total amount remains
unchanged.

When a 20% reduction in the labor cost budget,
Nanshan District only built two locations in Phase 1. By
increasing the budget, the number of locations built in
Phase 1 grew significantly to 6-9.The total volume in Bao’
an District has remained stable at 35-37, and the proportion
of Phase 3 has always exceeded 50%, reflecting its low
sensitivity to changes in labor costs.

When the labor cost rose, the total amount in Longgang
District and Longhua District increased from 18 to 21 and
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Table 9 District-wise vertiport construction under land cost variations

o R1 (-20%) R2 (~10%) R3 (Base) R4 (+10%) R5 (+209%)
District PL P2 P3 A Pl P2 P3 A Pl P2 P3 A Pl P2 P3 A Pl P2 P3 A
Futian 5 6 5 16 7 4 7 18 2 8 9 19 6 6 7 19 5 4 10 19
Luohu 5 1 3 9 1 6 2 9 1 2 6 9 - 5 4 9 - 6 4 10
Yantian - - - - - 1 - 1 - - 1 1 - - 2 2 - 1 1 2
Nanshan 4 4 6 14 3 5 9 17 8 8 6 22 11 7 8 26 12 6 8 26
Bao’an 4 11 16 31 4 12 17 33 7 11 19 37 3 12 25 40 6 18 16 40
Longgang 5 6 13 24 5 5 14 24 3 4 13 20 4 5 9 20 4 5 9 18
Longhua 5 6 8 19 5 5 10 20 7 4 9 20 3 9 8 20 3 6 11 20
Pingshan 1 2 1 4 2 2 2 6 1 2 3 6 - 3 4 7 - 4 3 7
Guangming 1 2 2 5 - 4 2 6 1 3 4 8 3 5 3 11 - 4 7 11
Dapeng - 1 1 2 - - 2 2 - - 2 2 - 1 1 2 - - 2 2
Table 10 District-wise vertiport construction under labor cost variations

o S1 (-20%) S2 (-10%) S3 (Base) S4 (+10%) S5 (+20%)
District Pl P2 P3 A Pl P2 P3 A Pl P2 P3 A Pl P2 P3 A Pl P2 P3 A
Futian 5 7 7 19 4 8 7 19 2 8 9 19 5 8 6 19 5 5 9 19
Luohu 3 4 2 9 1 1 7 9 1 2 6 9 2 - 6 8 - 1 8 9
Yantian - - - - - - - - - - 1 1 - - 1 1 - - 1 1
Nanshan 2 9 8 19 9 7 6 22 8 8 6 22 6 8 8 22 6 10 6 22
Bao’an 8 6 19 35 7 12 18 37 7 11 19 37 6 11 20 37 8 13 15 36
Longgang 3 6 9 18 4 6 10 20 3 4 13 20 4 6 10 20 5 6 10 21
Longhua 8 6 5 19 2 7 11 20 7 4 9 20 5 6 10 21 3 6 12 21
Pingshan - 1 2 3 1 4 1 6 1 2 3 6 - 4 2 6 1 2 4 7
Guangming - 1 3 4 - 2 4 6 1 3 4 8 1 1 6 8 2 3 4 9
Dapeng - - 1 1 1 - 1 2 - - 2 2 - 2 - 2 - 1 1 2

from 19 to 21 respectively, and the number in Phase 3 in
Longhua District increased from 5 to 12. This indicates
that the two districts have controlled the consumption of
labor costs by delaying the construction period.

Guangming District has shown a prominent response to
changes in labor costs, with the total amount increasing
from 4 in S1 to 9 in S9, highlighting its high sensitivity to
labor costs.Yantian District only deploys 1 vertiport
under sufficient budgets, suggesting expansion potential.
Despite increasing the budget for laborcosts, Luohu
District witnessed a decline in the total location amount.
Although the total amount showed low sensitivity, there
was a significant change within the period.

The total number of locations in Pingshan District and
Dapeng New District has always been relatively low. In
Pingshan District, the total number of locations only
dropped from 6 to 3 when the budget was reduced by
20%, and remained basically stable at 6 in other circum-
stances.

Table 11 shows the impact of the adjustment of the
transportation accessibility coefficient on the layout of
vertiport locations.

The total volume in Futian District and Luohu District
remains basically stable, and the changes in accessibility
constraints are adapted to by optimizing the proportion of
phases.When accessibility was relaxed in Nanshan
District, the total number of vertiports dropped from 24
to 22. This reflects that under the condition of relaxed
transportation accessibility constraints, the central area
with better transportation conditions may sacrifice the
construction of some vertiports. Bao’an District displays
similar characteristics to Nanshan under these conditions.

Longgang District emerges as the most accessibility-
sensitive region. Under the condition that the constraints
on transportation accessibility are gradually relaxed, the
total amount has increased from 15 in F1 to 29 in F5,
from 8 to 14 in Phase 3, and from 5 to 11 in Phase2, indi-
cating that the improvement in accessibility has signifi-
cantly released its construction potential.

The total volume fluctuation in Longhua District is
relatively weak. Under the F1 condition, the proportion
of vertiports built in Phase 3 in Guang-ming District is as
high as 100%. Relaxing the transportation accessibility
constraints can balance the number of locations built in
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Table 11 District-wise vertiport construction under transportation accessibility variations
o F1 (-20%) F2 (-10%) F3 (Base) F4 (+10%) F5 (+20%)

District PI P2 P3 A Pl P2 P3 A Pl P2 P35 A Pl P2 P3 A Pl P2 P3 A
Futian 3 9 7 19 2 8 9 19 2 8 9 19 4 5 9 18 3 9 6 18
Luohu 3 1 5 9 1 2 6 9 1 2 6 9 2 1 6 9 3 2 4 9
Yantian - - - - - 1 1 2 - 1 1 2 1 - 1 2 1 - 1 2
Nanshan 7 8 9 24 8 8 6 22 8 8 6 22 8 7 6 21 7 6 8 21
Bao’an 9 11 18 38 7 11 19 37 7 11 19 37 6 9 22 37 5 11 20 36
Longgang 2 5 8 15 3 4 13 20 3 4 13 20 5 9 12 26 4 11 14 29
Longhua 4 7 10 21 7 4 9 20 7 4 9 20 3 10 8 21 5 7 9 21
Pingshan 1 3 3 7 1 2 3 6 1 2 3 6 1 1 5 7 - 1 5 6
Guangming - - 8 8 1 3 4 8 1 3 4 8 - 3 4 7 1 1 5 7
Dapeng 1 - 1 2 - - 2 2 - - 2 2 1 1 - 2 2 - - 2

different phases in Guangming District.

The total volume in Pingshan District, Dapeng New
District and Yantian District has remained stable at a
relatively low level, and there have been significant phase
vacancies in Yantian District and Dapeng New District.

Based on the above analysis, it can be seen that the
construction of vertiports in Shenzhen shows a distinct
“core-edge” gradient response feature. Futian District and
Nanshan District exhibit significant characteristics of
“total rigidity - structural flexibility,” that is, they maintain
the stability of the overall scale by optimizing the allocation
of construction phases. Bao’an District and Longgang
District, on the other hand, show a “scale adaptation type”
response, with their total construction volume fluctuating
significantly with changes in constraint conditions. In
contrast, Yantian District and Dapeng New District are
subject to hard constraints, resulting in a relatively small
number of constructed vertiports. The proportion of “low
demand - high cost” sites is relatively high. It is particularly
worth noting that the impact of different cost factors on
the construction sequence shows significant heterogeneity
- the increase in land costs generally leads to a shift in the
construction focus to later phases, the rise in labor costs
makes it easier to compress the construction scale in the
early phase, while the improvement in transportation
accessibility can effectively activate the long-term devel-
opment potential of the sub-central area.

5.3.5 Practical decision-making implications

Building upon the sensitivity analysis results, this study
provides concrete decision-support recommendations for
urban planners and UAM operators in real-world applica-
tion scenarios.

(1) Land acquisition

The sensitivity analysis identifies land cost budget as
the most critical factor influencing demand coverage.
Accordingly, differentiated land acquisition strategies are
recommended:

1) Core areas (e.g., Futian, Nanshan): Implement
advance land banking strategies through long-term leasing
or collaborative development models to control costs.

2) Sub-center areas (e.g., Bao’an, Longgang): Adopt
flexible pricing mechanisms combining benchmark land
prices with floating compensation schemes.

3) Peripheral areas (e.g., Dapeng, Yantian): Consider
bundled development with tourism projects or emergency
facilities to share costs and enhance viability.

(2) Phased deployment strategies

The analysis reveals phased and regionally heteroge-
neous sensitivities to different cost factors, suggesting the
following deployment strategy:

1) Initial phase: Prioritize demonstration vertiports in
core areas to achieve rapid return on investment through
high demand density while collecting operational data.

2) Mid-term phase: Expand to sub-center areas, focusing
on land cost control through modular and standardized
construction approaches.

3) Mature phase: Complete network coverage in
peripheral areas, emphasizing transportation accessibility
improvements through coordination with local transporta-
tion renovation projects.

(3) UAM subsidy considerations

Given the nonlinear characteristics of cost sensitivities,
a tiered subsidy policy is proposed:

1) Launch-phase subsidies: For high-demand but cost-
sensitive core area vertiports, implement combined
“construction subsidy and operational subsidy” packages
to ensure project viability and encourage private invest-
ment.

2) Growth-phase incentives: For sub-center areas,
introduce performance-based subsidies linked to passenger
growth rates and service satisfaction metrics.

3) Maturation-phase transition: Gradually phase out
direct subsidies, transitioning to indirect support mecha-
nisms such as tax incentives or franchise arrangements.
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6 Conclusions

This study develops a decision-support framework to
optimize vertiport placement, thereby fostering the
sustainable growth of the UAM. To achieve this, we first
analyzed residents’ travel mode choices using a multino-
mial logit model based on combined RP and SP survey
data.The model estimates individual probabilities of
choosing UAM services and identifies potential user
groups through time value coefficients. We then
employed the K-means algorithm to cluster OD points
and developed a three-phase multi-objective integer
programming model for vertiport location optimization,
with the dual objectives of maximizing demand coverage
and minimizing costs. A case study was conducted in
Shenzhen to validate the feasibility of the proposed
approach. Furthermore, a sensitivity analysis was
performed to evaluate the impacts of land cost, labor cost,
and transportation accessibility on the demand coverage
rate.

The findings offer several managerial implications.
First, UAM operators can leverage time value coefficients
to precisely identify time-sensitive user groups, thereby
optimizing service pricing and marketing strategies.
Second, the proposed phased construction model
provides an operational implementation plan for the grad-
ual development of urban UAM infrastructure and offers
urban managers a scientific method for UAM location
selection. Finally, the sensitivity analysis results can
guide urban managers in reasonably controlling key cost
elements such as land cost, labor cost, and transportation
accessibility. Particularly, the land cost budget was iden-
tified as the most influential factor affecting demand
coverage rates.

This research has certain limitations. The valid samples
obtained in this survey have certain limitations in demo-
graphic characteristics, and the sample representativeness
and coverage require improvement. In addition, ver-tiport
capacity constraints were not fully considered, and coor-
dination with existing road networks was insufficiently
analyzed. Notably, airspace safety constraints and flight
corridor planning, which are critical for practical imple-
mentation, were not incorporated into the vertiport layout
optimization. These limitations indicate the need for
deeper research on vertiport layout optimization.

Future research on UAM system planning could
explore the following key directions in depth. First, it is
necessary to overcome the limitations of single data
sources by building a multi-source data fusion framework
that integrates mobile phone signaling data, social media
geotags, and other data sets. Furthermore, using data
assimilation technology to establish a comprehensive
demand perception system, coupled with adopting multi-
period dynamic planning combined with demand fore-
casting and technology evolution analysis, will enhance

the long-term adaptability of planning. Second, the
geographical environment around potential vertiports
should be evaluated using geographic information
systems integrated with urban morphological parameters
to accurately identify suitable areas for vertiport
construction. Meanwhile, the connection efficiency
between vertiports and the existing transportation
network must be improved through a comprehensive
assessment of the highway transportation network. This
will not only optimize the feasibility of vertiport location
selection but also achieve efficient coordination between
UAM and ground transportation systems. Finally, based
on UAM demand forecasts and vertiport placement solu-
tions, research on airspace safety and flight corridor plan-
ning is urgently needed. Future studies should investi-
gate: (1) multi-level dynamic airspace management
models to design safe and efficient flight corridor
networks; (2) risk assessment models along flight corri-
dors, particularly for protecting densely populated areas
and critical infrastructure; (3) integrated coordination
mechanisms between airspace and ground transportation;
(4) intelligent airspace management systems based on
digital twin and artificial intelligence technologies; and
(5) flight corridor design standards and policy frameworks
adapted to urban environments. These investigations will
provide essential technical support for the safe large-scale
operation of UAM systems.
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