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Abstract: Siting low-altitude takeoff and landing platforms (vertiports) is a fundamental challenge for developing urban air mobility 
(UAM). This study formulates this issue as a variant of the capacitated facility location problem, incorporating flight range and 
service capacity constraints, and proposes SPID, a deep reinforcement learning (DRL)-based solution framework that models the 
problem as a Markov decision process. To handle dynamic coverage, the designed DRL framework-based SPID uses a multi-head 
attention mechanism to capture spatiotemporal patterns, followed by integrating dynamic and static information into a unified input state 
vector. Afterward, a gated recurrent unit (GRU) is used to generate the query vector, thereby enhancing sequential decision-making. The 
action network within the DRL network is regulated by a loss function that integrates service distance costs with unmet demand penalties, 
enabling end-to-end optimization. Subsequent experimental results demonstrate that SPID significantly enhances solution efficiency 
and robustness compared with traditional methods under flight and capacity constraints. Especially, across the social performance 
metrics emphasized in this study, SPID outperforms the suboptimal solutions produced by traditional clustering and graph neural 
network (GNN)-based methods by up to approximately 29%. This improvement comes with an increase in distance-based cost 
that is kept within 10%. Overall, we demonstrate an efficient, scalable approach for vertiport siting, supporting rapid decision-
making in large-scale UAM scenarios.
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1  Introduction

Urban air mobility (UAM) is the low-altitude 
transportation of passengers and cargo within urban 
areas. It typically involves electric vertical takeoff and 
landing (eVTOL) aircraft, drones, and other low-altitude 
flying vehicles (Federal Aviation Administration, 2023). 
UAM represents a key direction for transforming urban 

transportation. To underscore its growth trajectory, the 
National Aeronautics and Space Administration (NASA) 
predicted that 500 million drone flights would have 
occurred in urban space by 2030 (National Aeronau‐
tics and Space Administration, 2020). Governments and 
industry stakeholders are actively promoting UAM to 
support this development, with low-altitude logistics 
being considered one of its most promising applica‐
tions. For instance, Amazon launched drone delivery 
pilots in California and Texas at the end of 2022. Ad‐
ditionally, vertiports represent critical UAM infrastruc‐
ture, supporting various related operations. Thus, the 
selection of vertiport sites is crucial to ensure efficient 
UAM development, making the scientific and rational 
planning of their layout a core issue (Deloitte, 2023).
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Site selection for UAM vertiports transcends a 
static planning task; it comprises a multi-stage decision-
making process. The initial stage requires evaluating 
site selection costs and service levels under various 
project configurations (e.g., the number of facilities, 
capacity, and budget) to determine the optimal project 
configuration. Additionally, as UAM vertiports serve 
as the essential social infrastructure, their siting must 
encompass a broad management perspective, consider‐
ing multiple social indicators (Berger, 2023). More‐
over, as the UAM vertiport siting represents a strategic 
planning issue, the resulting plan must be forward-
looking, requiring the current decisions to assess future 
service levels. Thus, this issue necessitates the inte‐
gration of UAM operational constraints and site plan‐
ning requirements, thereby balancing construction costs 
and service levels with other social considerations. 
To solve this complex issue, which requires multiple 
rounds of scheme comparison, any selected method‐
ology must be efficient and highly generalizable.

The UAM vertiport site selection issue falls within 
the category of urban facility location problems, and 
such classical combinatorial optimization problems are 
traditionally solved using mathematical programming 
solvers or heuristic algorithms. Although mathemati‐
cal solvers yield exact solutions, their significant time 
and memory requirements complicate computation 
as the problem size increases. Conversely, heuristic 
algorithms improve computational efficiency but often 
sacrifice solution quality and generalizability. More‐
over, accelerating the solving process (computational 
efficiency) with heuristic algorithms requires the es‐
tablishment of targeted rules based on the existing 
data and problem characteristics, which can be time-
consuming and challenging. Consequently, existing 
solution approaches face a dilemma in practical engi‐
neering applications, struggling to balance computa‐
tional efficiency and solution accuracy.

Deep reinforcement learning (DRL) methods auto‐
matically learn solving strategies through data-driven 
approaches, enabling them to rapidly generate feasi‐
ble solutions to new problems. The DRL agent can 
be trained to capture the complex spatial interplay be‐
tween demand and capacity, eliminating the need for 
hand-crafted rules and exhibiting strong generaliza‐
tion across scenarios. Thus, DRL can significantly ac‐
celerate the site selection process. During the early 

stage of decision-making, DRL reduces the time re‐
quired to compare schemes under various parameter 
settings. During the final decision stage, DRL pro‐
vides high-quality, initial, feasible solutions for the 
mixed-integer linear programming (MILP) model, 
thereby significantly reducing the computation time 
for exact solutions. Notably, the combination of DRL 
and MILP achieves an optimal balance between effi‐
ciency and accuracy, thus effectively satisfying prac‐
tical engineering requirements.

In summary, we explore DRL methods to solve 
the UAM vertiport site selection problem, with the 
following main contributions:

1. Formulating the UAM site selection problem 
as a variant of the capacitated facility location problem 
(CFLP). This variant incorporates capacity constraints 
and allows unmet demands, thereby accurately reflect‐
ing the supplementary role of UAM within existing 
transportation frameworks. CFLP is more practical 
and exhibits significant engineering relevance.

2. Developing a DRL-based solution framework 
and deploying it as a high-quality, initial, feasible solu‐
tion for MILP exact computation. This integrated 
approach ensures an optimal balance among compu‐
tational efficiency, robustness, and scalability.

3. Introducing three key performance indicators 
(geographic coverage, effective coverage, and facility 
utilization) to quantify the social benefits and fore‐
sight of the final site selection plans.

2  Literature review

This study is aimed at optimizing the selection 
of urban low-altitude vehicle takeoff and landing sites 
(vertiports), considering multiple candidate bases and 
the demand distribution of customer nodes. As low-
altitude logistics represents one of the most rapidly 
advancing applications in the UAM industry, most 
existing studies focus on logistics- and distribution-
oriented vertiport site selection. The explored landing 
bases are conventionally referred to as unmanned aerial 
vehicle (UAV) centers, distribution hubs, hospitals, UAV 
stations, warehouses, drone hives, or logistics platforms. 
Additionally, their deployment for communication, 
particularly as temporary signal-enhancing base sta‐
tions, has emerged as a research hotspot. Despite these 
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diverse application potentials, the aforementioned 
platforms share the common function of service pro‐
vision, thus conceptually aligning with the takeoff 
and landing sites explored in this study. Therefore, our 
literature review is organized around three key UAM 
applications: logistics and distribution, UAV-based com‐
munication, and UAM-infrastructure planning.

Numerous studies in the field of low-altitude 
logistics and distribution mainly address landing site 
location. For instance, Shavarani et al. (2018) pro‐
posed a hierarchical model to minimize the total sys‐
tem costs by optimizing the locations of UAV launch 
and charging stations. Shavarani et al. (2019) further 
extended this model with a fuzzy multilevel model, in‐
corporating uncertain demand and costs. Kim et al. 
(2019) explored stochastic siting under uncertain flight 
distances, and Meskar and Ahmadi-Javid (2024) inves‐
tigated battery consumption rates based on payload 
effects. Abdel-Basset et al. (2024) introduced a multi-
objective trajectory optimization algorithm based on 
k-means clustering and greedy sequencing. Meng et al. 
(2024) integrated clustering, center-of-mass location, 
and genetic algorithms to coordinate UAVs and ground 
vehicles for blood delivery tasks. Mahmoodi et al. 
(2025) proposed a multi-objective site-path optimiza‐
tion model that integrates time windows, dual-service 
demands, and recharging constraints. This model was 
solved using the non-dominated sorting genetic algo‐
rithm II (NSGA-II) combined with Bayesian risk 
modeling. Zhang et al. (2025) integrated safety con‐
siderations with economic objectives into the selec‐
tion of urban air logistics hub locations. To address 
both concerns, a multi-objective MILP model that 
simultaneously minimizes costs and third-party safety 
risks is proposed and solved using an NSGA-II that 
features adaptive operator selection.

In the communication domain, UAVs are ex‐
plored as mobile base stations. For instance, Gopi and 
Magarini (2021) applied reinforcement learning (RL) 
to optimize UAV base station siting, employing data-
rate sum as the reward function. Ryu and Kim (2024) 
modeled partially observable multi-UAV deployment 
for supporting mobile terrestrial users. Their model was 
solved using DRL. To address scalability, Premkumar 
and Van Scoy (2025) clustered customers, fol‐
lowed by site drones, thereby effectively striking a 
balance between optimality and runtime.

The emergence of the UAM concept has rendered 
eVTOL platform siting and capacity planning a central 
issue. For instance, Lynskey et al. (2019) proposed 
a CFLP model for drone ports, which integrates the 
traveling salesman problem (TSP) routing and k-means 
clustering. Escribano Macias et al. (2023) framed the 
siting problem as a p-median variant to maximize 
travel time savings over ground transportation. Kumar 
et al. (2023) applied graph-based RL for decision sup‐
port in siting eVTOL infrastructure. They used dual-
graph representations, which are passed through graph 
convolutional networks (GCNs). Zhu et al. (2022) 
applied column generation and Benders decomposition 
to address robust siting under post-disaster demand 
uncertainty. Other notable contributions include hybrid 
clustering and p-median optimization (Rahman et al., 
2024), genetic algorithms for infrastructure-accessible 
eVTOL sitings (Volakakis and Mahmassani, 2024), 
and data-driven Markov decision process (MDP) for‐
mulations for dynamic drone delivery planning (Paul 
et al., 2024).

Studies also explored travel time valuation for 
vertiport site selection using iterative weighted k-means 
(Zhao and Feng, 2024). Additionally, Zheng et al. 
(2024) explored multi-factor logistics hub siting using 
enhanced particle swarm optimization algorithms. 
Song and Lee (2025) evaluated the influence of verti‐
port siting on the transportation network topology, 
and Lee and Cho (2025) proposed a three-stage geo‐
spatial analysis for site selection, encompassing suit‐
ability, regulation, and location allocation. Sun et al. 
(2025) developed a framework for siting coastal UAV 
monitoring bases, effectively striking a balance between 
spatial coverage and cost.

The extant studies on the optimization of UAV 
landing sites conventionally adopt three objective-
function types: (1) cost-based objectives for minimizing 
fixed facility costs, UAV acquisition and operating 
costs, and transportation costs (some cost-based objec‐
tives adopt a two-stage approach, namely, facility and 
operational cost optimization); (2) time-based objec‐
tives for minimizing the total delivery time or comple‐
tion time (some models incorporate customer utility 
functions to reflect delay impacts); (3) coverage-based 
objectives, often employed in communication and 
medical tasks, maximize demand coverage or service 
quality. Regarding constraints, most models consider 
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UAV endurance (measured by distance, time, or en‐
ergy), payload limits, facility counts, and budget con‐
straints. More complex models also include practical 
factors, such as time windows, demand uncertainty, 
network accessibility, charging station queuing, and 
obstacle-aware routing.

Most studies explored classical facility location 
models, such as the p-median, p-center (Hakimi, 1965), 
and the maximal covering location problem (Church 
and ReVelle, 1974), to provide a solid theoretical foun‐
dation. Regarding solution methods, exact algorithms, 
primarily those implemented via solvers, including 
CPLEX and Gurobi, remain the most common, al‐
though a few studies proposed customized approaches. 
Heuristic methods (e.g., genetic algorithms, simulated 
annealing, or large neighborhood search) are often em‐
ployed to efficiently handle large-scale or complex 
problems.

Beyond conventional operations research meth‐
ods, recent advances in deep learning and DRL have 
opened new avenues for solving complex optimiza‐
tion problems. Particularly, DRL has demonstrated 
remarkable capability in learning decision-making poli‐
cies for combinatorial optimization tasks without 
requiring extensive domain-specific heuristics. Most 
extant DRL studies on logistics optimization have 
primarily explored routing problems, aiming to deter‐
mine the optimal visit sequences and travel paths 
based on the fixed facility locations. For instance, 
Kool et al. (2019) developed an attention-based model 
using encoder–decoder architectures to learn construc‐
tion heuristics for the TSP and vehicle routing prob‐
lem (VRP). Nazari et al. (2018) applied RL to VRP 
with stochastic demands, demonstrating policy gener‐
alization across problem instances. Hottung and Tierney 
(2020) proposed a neural large neighborhood search 
for capacitated VRP (CVRP), achieving a competitive 
performance with traditional methods in addition to 
offering computational efficiency on large-scale tasks. 
Overall, these route-planning-centered studies have 
established a crucial methodological foundation for 
applying machine learning to logistics optimization. 
However, this research line addresses a problem that 
differs fundamentally from facility location decision-
making. Route planning operates within a predefined 
topological network, whereas facility siting involves 
the determination of the optimal sites within a dis‐
persed demand distribution.

Notably, the integration of graph neural networks 
(GNNs) with RL has emerged as a potent paradigm 
for handling graph-structured optimization problems. 
For instance, Han XY et al. (2024) proposed a novel 
GNN–DRL integrated framework for resource alloca‐
tion in computing power networks. They demon‐
strated that graph-based representations effectively 
capture the inherent structural dependencies of network 
optimization problems. Their approach also leveraged 
the aggregation capability of GNN for neighborhood 
information, thereby enabling the model to learn gen‐
eralizable policies across diverse network topologies 
and scales. More directly relevant to spatial optimiza‐
tion, Liang et al. (2024) developed SPONet, a specifi‐
cally designed DRL framework for urban spatial 
decision problems, including billboard siting optimi‐
zation. They demonstrated that DRL-based approaches 
can achieve over 20× speedup compared with tradi‐
tional solvers while maintaining solution quality, thus 
establishing the feasibility of learning-based methods 
for spatial facility siting problems. Li et al. (2025) 
developed an RL-based iterative algorithm to solve 
capacitated hub location problems in UAV delivery 
networks. They employed specialized GNN- and gated 
recurrent unit (GRU)-based policy networks to embed 
demand and spatial patterns, thereby demonstrating 
superior performance and robust generalizability across 
various-scale networks.

Within the UAM domain specifically, several 
recent studies have started exploring DRL applications. 
However, these studies have mainly focused on oper‐
ational and tactical decision-making (e.g., routing and 
resource allocation) rather than strategic infrastruc‐
ture planning (e.g., site selection). To address real-time 
routing and scheduling decisions for active UAM 
operations, Park et al. (2023) applied multi-agent RL 
to coordinate cooperative air transportation services. 
Garcia et al. (2023) developed a DRL framework for 
intelligent safety management in UAM, focusing on 
collision avoidance and secure flight operations. Re‐
garding UAM communication infrastructure, Han RX 
et al. (2022) proposed DRL-assisted spectrum manage‐
ment for cellular-based UAM networks, optimizing 
wireless resource allocation to support UAM operations. 
To extend this research domain, Apaza et al. (2023) 
applied multi-agent DRL under resource constraints 
to integrate spectrum management with air traffic 
management. Although these studies demonstrate the 
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viability of DRL in UAM domains, they mainly address 
operational-level problems (e.g., service coordination, 
safety control, and communication-resource allocation) 
and barely consider strategic facility siting decisions.

In summary, previous DRL-based studies on logis‐
tics and transportation primarily focused on solving 
route planning problems, such as TSP, VRP, and CVRP, 
operating under the assumptions of fixed depot loca‐
tions and predetermined visit sequences. To bridge this 
research gap, this study mainly addresses the strategic 
facility siting decision-making process. This involves 
determining the optimal vertiport locations and capacity 
allocations before the commencement of operations. 
Overall, this study represents a shift in research focus 
from tactical-level route optimization to strategic-level 
infrastructure planning, requiring distinct state repre‐
sentations, action spaces, and reward structures within 
the DRL framework. Following the approach of Liang 
et al. (2024), we explore the UAV facility siting prob‐
lem from a macro-management perspective, formulat‐
ing this problem as a CFLP variant that incorporates 
aerial operational constraints and solving it using a 
DRL-based framework. This approach enables an 
end-to-end solution to the facility siting problem under 
partial demand satisfaction, thereby providing a scal‐
able alternative to traditional or heuristic methods.

3  Models

3.1  Capacitated facility location problem

In classical facility siting models, the p-median 
model minimizes the total travel time, making it suit‐
able for time-sensitive services, such as UAM pas‐
senger transport. Contrarily, the maximal covering 
location model is designed to satisfy the maximum 
possible demand using a limited number of facili‐
ties and is traditionally applied in emergency logis‐
tics. However, since vertiports function as critical 
capacity nodes in a UAM network, their placement 
cannot be solely determined by the service distance. 
Thus, the site selection must also account for strict 
capacity constraints and the fact that a portion of the 
demand can be deferred. This is particularly relevant 
because UAM is still at its developmental stage, 
and many of its potential trips currently exhibit ma‐
ture alternative modes. The low-altitude takeoff and 

landing sites can be considered low-altitude analogs 
of civil aviation terminal areas. Therefore, they are 
characterized by strict capacity limits on the number 
of daily operations.

The classical CFLP requires the full satisfaction 
of all demands. However, the problem addressed in 
this study allows for partially unmet demand, render‐
ing it a variant of traditional CFLPs.

The objective of the standard CFLP is to select 
p facility locations within a given network or space, 
thereby minimizing the total service cost (typically 
represented by the sum of distances between facilities 
and demand points). Conversely, our model relaxes 
the full demand satisfaction constraint, and directly in‐
corporates an unmet demand penalty into the objec‐
tive function. This variant model offers a better cap‐
ture of the phenomena observed in UAM operations, 
specifically where limited facility capacity prevents 
part of the demand from being immediately served. 
It also accurately reflects early-stage UAM systems, 
which are typically characterized by a few facilities 
and unevenly distributed demands. In this way, the 
model simultaneously enforces capacity constraints and 
preserves operational flexibility and cost efficiency.

First, to formalize the problem, we define the 
set of UAM demand points as N ={ }1, 2, …, n  and 

the set of candidate takeoff and landing sites for 
UAVs as M ={ }1, 2, …, m . The decision variables in 

the proposed model are defined as follows:

xij =
ì
í
î

1,  demand point i is served by facility j,

0,  otherwise,                                                 

yj =
ì
í
î

1,  facility is selected,

0,  otherwise.                
                            

Second, let dij denote the distance between de‐
mand point i and takeoff and landing site j, ni the 
total demand at point i, and Cj the capacity limit of 
site j. Further, let Ni represent the demand portion at 
point i that can be served by site j, and let the neigh‐
borhood set for each demand point be defined as Nj =
{ j∈M|dij⩽Dj}, where Dj is the service radius of site j. 

Finally, let p denote the maximum number of takeoff 
and landing sites that can be constructed.

Based on these definitions, the proposed CFLP 
variant allows for partially unmet demand, which can 
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be served in a delayed or deferred manner. The con‐
straints of this model are formulated as follows:

Minimize z =∑
i = 1

n∑
j = 1

m é

ë

ê
êê
ê ù

û

ú
úú
údij xij + U ( )∑

j = 1

m

Cj−∑
i

n

ni( )1− xij  (1)

subject to ∑
j = 1

m

xij⩽1, i =1, 2, …, n, (2)

∑
j = 1

m

yj = p, i =1, 2, …, n, (3)

xij⩽yj, i= 1, 2, …, n,  j=1, 2, …, m, (4)

∑
i = 1

n

ni xij ⩽Cj yj,  j=1, 2, …, m, (5)

xij, yj∈{0, 1},  i =1, 2, …, n, j =1, 2,…, m. (6)

Constraint (2) ensures that each demand point is as‐
signed to a maximum of one facility, and constraint (3) 
limits the total number of facilities selected for construc‐
tion to a predefined number p. Constraint (4) ensures 
that the demand can only be satisfied by established 
facilities, and constraint (5) guarantees that the total 
demand allocated to each facility does not exceed its 
maximum service capacity. Additionally, U in the ob‐
jective function represents the cost coefficient gener‐
ated at the point where the demand is not satisfied.

3.2  Reformulation of the CFLP model as a Markov 
decision process model

To solve the problem via the DRL approach, the 
CFLP model must first be reformulated as an MDP 

model. This reformulation enables the utilization of 
DRL for the iterative update of the policy or value 
function based on temporal dynamics. In this study, 
the MDP formulation is based on the REINFORCE 
algorithm (Williams, 1992). Fig. 1 illustrates the sche‐
matic of the RL process. In this process, an intelligent 
agent (SPID) interacts with the environment, guided 
by the MDP-based model, to determine optimal siting 
decisions for the takeoff and landing facilities. The 
components of the MDP framework, defined as a quin‐
tuple (S, A, P, R, γ), are specified for the CFLP as out‐

lined below. Table 1 presents a summary of all notations 
and variables employed in the MDP formulation.

State: the state at time step t (denoted as st =
Mt) represents the solution set, comprising the facility 
locations selected in the previous t−1 steps. M0 is the 
initial state, which corresponds to an empty solution 
set.

Action: an action at each decision step involves 
the selection of a node to serve as a facility. Here, the 
action at corresponds to the selection of the node zj, 
such that at =zj if node zj is selected as a facility at 
time step t.

Transition: given the current state st, the agent 
selects an action at that adopts the node zj as a new 
facility. Immediately after adding zj to the current solu‐
tion set Mt, the environment transitions to the next 
state st + 1, defined as st + 1 = Mt + 1 = ( Mt ; zj ).

Discount factor: the discount factor is set as γ=1, 

indicating that future rewards are not discounted. 

Fig. 1  RL expression of SPID
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Since the final objective value is treated as the only 
reward, cumulative reward values v(s) are excluded.

Reward: the optimization direction of the model 
is driven by the reward function. In this study, the 
reward is defined as the negative of the objective 

function in Eq. (7)

R=−∑
i = 1

n∑
j = 1

m

dij xij + U ( )∑
j = 1

m

Cj−∑
i

n

ni( )1− xij . (7)

This formulation enables the agent to minimize 
the total service cost and penalize capacity violations.

In the MDP framework, pθ denotes the policy that 

governs the probability of the agent selecting an ac‐

tion at given the state st. At each time step, the agent 

selects one node as a facility location; this process 

continues until a total of p facilities are selected, form‐

ing the final solution sT = Mt. The above selection 
process is represented by the following:

π=π1, π2, …, πp, p⩽n, (8)

pθ (π|st )=∏
t = 1

p

pθ( )π t|st,π1:t−1 , p⩽n . (9)

Each facility j has a fixed capacity Cj, and its 

remaining capacity is dynamically updated at each 

time step based on the demand assigned to it. The 

update rule is defined as follows:

Cjπ ( j ) t = Cj − ∑
i |xij = 1

ni . (10)

For demand allocation, each demand point is 

assigned to a feasible facility (i.e., a facility that is not 

overloaded) via a proximity-based allocation strategy 

denoted as π ( j) t. Here, Cjπ ( j) t represents the remain‐

ing capacity of facility j at the time of the decision 

step t. A large penalty coefficient U is introduced 

(U is set as 106 in this study) to penalize infeasible 

Table 1  Definitions of notations and variables

State and action variables

st

Mt

at

zj

Decision variables

xij

π

π t

π ( j) t

Policy and learning

θ

pθ( )π|s

pθ( )π t|s, π1:t−1

qπ( s,a)
α

Capacity and cost

Cjπ ( j ) t

Ciπ t

L (π )

L ( )θ|s

∇L (π )

Description

State at time step t

Solution set of selected facilities up to step t

Action taken at time step t

Node selected as the facility at the decision step

Description

Binary variable: 1 if demand i is allocated to facility j, and 0 otherwise

Complete solution sequence {π1, π2, …, πₚ}

Facility selected at time step t

Set of demand points assigned to facility j at step t

Description

Policy parameters

Probability of selecting solution π given state s under policy θ

Probability of selecting facility πₜ given the current state and previous selections

Action value function

Learning rate (step size) for the gradient ascent

Description

Remaining capacity of facility j at time step t

Cost of assigning demand point i under policy π at step t

Loss function (total cost)

Expected loss under policy parameters θ

Loss function gradient
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assignments. The assignment of demand points to fa‐
cilities is governed by the following rules:

j∈ π , if Cjπ ( j) t > ni, (11)

Ciπ t = min { }dij ni , ∀j∈ π, dij⩽r, (12)

Ciπ t = Uni, if π ( j) t =∅, (13)

where r is the coverage radius.
The model is designed to minimize the total cost 

of satisfying all demand points. By setting the dis‐
count factor to γ= 1, the action value function qπ(s, a) 

is defined as the expected sum of rewards:

qπ ( sk, a ) = pθ (π|s ) RS1
+…+ pθ( )π|s RSk

. (14)

To solve the model, a Monte‒Carlo-based policy 
gradient method is employed. This algorithm updates 
the parameters θ using stochastic gradient ascent. The 
update rule is expressed as follows:

θ t + 1 = θ t +α∇L (π ) . (15)

Here, an increase in L (π ) indicates that the cur‐

rent policy yields higher rewards, and parameter 
updates are implemented in the direction that maxi‐
mizes the anticipated reward. The loss function for 
training is defined as L(θ|s ) = Epθ (π|s ) [ L(π ) ], where

L(π ) =∑
i = 1

n∑
j = 1

m

dij xij + U ( )∑
j = 1

m

Cj −∑
i

n

ni (1− xij ) .    (16)

4  Methodology

The UAM vertiport siting problem shares com‐
mon characteristics with traditional ground facility 
siting problems, as both can be considered CFLPs. 
However, as UAM vertiports are integrated facilities 
featuring ground and air operations, site selection must 
account for various constraints that are closely related 
to low-altitude operations.

4.1  Analysis of the characteristics of urban air 
mobility vertiport siting problem

The UAM vertiport siting problem can be ana‐
lyzed from multiple perspectives, including air traffic 
control regulators, operators, and demand stakeholders. 
This problem can also be analyzed based on the full 

UAM operational process. To ensure research gener‐
ality, the problem is constructed from the perspective 
of the entire UAM operational process, focusing on 
the strategic location selection phase for vertiports.

UAM operations can be systematically divided 
into three sequential decision-making stages. The first 
stage involves site feasibility and candidate set genera‐
tion, which is part of the upstream preparatory analysis. 
At this stage, spatial analysis is used to identify can‐
didate vertiport sites. The key factors considered at 
this stage include airspace constraints, structural fea‐
sibility, regulatory compliance, land ownership, and 
acquisition costs. The output of this stage is a discrete 
set of candidate locations, each of which is associated 
with its development cost and operational constraints, 
thus providing the necessary input for subsequent 
models.

The second stage involves strategic location selec‐
tion and capacity planning, forming the core of this 
study. Based on the candidate sites generated at the 
first stage, decisions are made regarding the specific 
location selection, demand distribution from the origin 
node to the selected sites, and system-level evalua‐
tion of performance metrics, such as coverage, acces‐
sibility, and service level. The proposed SPID model 
addresses the problem at this stage, where the input 
parameters (candidate locations, demand nodes, cov‐
erage radius r, and capacity) implicitly include up‐
stream constraints, and the model output (selected 
facility sites) provides the key input for downstream 
operational planning.

The third stage involves operational planning and 
four-dimensional trajectory design, which serves as 
the downstream extension of the location decision. 
Once the facility locations are determined, this stage 
focuses on fine-tuning operational issues, including 
four-dimensional trajectory planning, flight scheduling, 
energy management, and detailed demand–capacity 
matching. Although these operational decisions are 
crucial for system implementation, they are essen‐
tially downstream issues that are derived directly from 
the site selection results. The location model does 
not explicitly optimize trajectory details; rather, it 
ensures the operational feasibility and efficiency of 
the selected locations by maintaining proper facility 
spacing and adhering to operational analysis-derived 
capacity limits.
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In summary, the strategic site selection for UAM 
vertiports serves as a crucial link between upstream 
feasibility analysis and downstream operational plan‐
ning. To clarify the core constraints at each stage and 
their representation in the proposed model, Table 2 
summarizes the stage divisions, key constraints, and 
corresponding input parameters across the UAM op‐
erational process. Furthermore, it systematically ex‐
plains how physical, airspace, and operational con‐
straints from each stage are integrated into the strate‐
gic site selection phase. Specifically, the physical and 
regulatory constraints from the first stage are inter‐
nalized as input parameters for the second stage, lay‐
ing the foundation for the feasibility of the site selec‐
tion solutions. Concurrently, operational efficiency con‐
straints from the third stage are proactively explored 
in the site selection phase via pre-set candidate facil‐
ity locations and capacity limitations, thus ensuring the 
feasibility and effectiveness of subsequent strategic-
level operations.

To further evaluate the comprehensive perfor‐
mance of the site selection solution from a system 
perspective and respond to the strategic decision-
making needs of public facility planning, the follow‐
ing set of performance metrics is introduced in this 
study. These metrics quantify and reflect multiple 
objectives, such as facility coverage, resource utiliza‐
tion, and operational efficiency.

1. Geographic coverage rate Sg:

Sg =( )1− Ng

Nu

× 100%, (17)

where Ng is the number of geographically uncovered 
users and Nu is the total number of users.

This indicator reflects the proportion of users who 
are geographically covered by a minimum of one facility.

2. Effective coverage rate Se:

Se =
Ne

Nu

× 100%, (18)

where Ne is the number of users assigned to a facility 
without exceeding its capacity.

This indicator measures the proportion of users 
who are covered and assigned to a facility without 
violating the capacity constraints.

3. Facility utilization rate Sf:

Sf =
Total allocated demand
Total facility capacity

× 100%. (19)

This indicator represents the overall utilization of 
facility resources relative to their maximum service 
capacity.

4. Weighted distance cost Cw:

Cw = dij xij, { }i |xij = 1 . (20)

This metric reflects the total demand-weighted 
Euclidean distance between each demand point and its 
assigned facility. Lower values indicate shorter aver‐
age travel distance for users, reflecting increased oper‐
ational efficiency.

5. Unweighted distance cost Cu:

Cu = xij, { }i |xij = 1 . (21)

This metric reflects the average Euclidean distance 
between demand points and their assigned facilities, 
without demand weighting. This metric provides a 
distance-based evaluation that is independent of the 
demand magnitude.

4.2  Problem restoration

CFLP is inherently a combinatorial optimization 
problem, where the vertiport site selection does not 

Table 2  Correspondence between the input parameters of SPID and the key constraints at each operational stage of urban 
air mobility

Stage
1

2

3

Key factor
Physical and regulatory constraints (e.g., airspace, 

structure, and regulations)
Strategic objectives (e.g., coverage, capacity, 

demand, and budget)
Operational efficiency constraints (e.g., airspace 

management, scheduling, and energy 
management)

SPID model’s input parameters
Pre-screened set of candidate sites
Inherent capacity parameters of the sites

Candidate site locations: implicit airspace management feasibility;
Service radius and facility capacity limitations: support 

operational scheduling and energy management
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follow a specific sequence. However, when CFLP is 
reformulated as an MDP for solution via DRL, site 
selection is discretized and becomes sequential.

This artificially imposed decision order breaks the 
inherent symmetry of the original combinatorial prob‐
lem by mapping essentially equivalent solutions onto 
different decision trajectories. This can significantly 
expand the state space and introduce “order bias,” 
where the model is more likely to obtain high-quality 
solutions under certain selection orders than others.

To address these issues, Liang et al. (2024) pro‐
posed a dynamic coverage vector D i method that effec‐
tively mitigates the adverse effects of decision sequenc‐
ing on combinatorial optimization problems.

D i is introduced for each demand point i to rep‐
resent its coverage state. This vector is dynamically up‐
dated after each siting action at. Notably, each D i rep‐
resents a column vector with elements in the range [0,
1]. Thus, the closer an element is to 0, the less likely 
the corresponding demand point is to be selected in 
subsequent steps, indicating that it is either already 
sufficiently covered or is very close to a selected 
facility. All coverage vectors D i are initially set to 1:

D i =1, i = 1, 2, …, n. (22)

Let π t denote the node selected at time step t, 
and let Cr(πt )

 represent the set of demand points within 

a coverage radius r of node π t. The points in Cr(πt )
 are 

sorted in ascending order of distance from π t. Let wi (πt )
 

denote the rank (position index) of demand point i in 
this ordered list. Let Kr(πt )

 be defined as the subset of 

Cr(πt )
 comprising demand points that are actually served 

by facility π t. Let NCr(πt )
 be the cardinality of Kr(πt )

 and 

ci the number of times point i is covered. The itera‐
tive update of D i during decoding is governed by the 
following equations:

ci =∑
π0

π t - 1

1 , i ∈ C
r ( )π t

, (23)

D i = D i ×
w

i ( )π t

NC
r ( )πt

×
1
ci

, i = 1, 2, …, n, (24)

D i=
ì
í
î

ïï0,  if i ∈K
r ( )π t

,

1,  otherwise.
(25)

The above update rules indicate that the more 
frequently node i is covered, or the higher its priority 
in the distance-based ordering (smaller wi (πt )

), the 

smaller D i becomes, thereby reducing its likelihood 
of being selected in future steps. Notably, the coverage 
degree and proximity to the selected node are both in‐
corporated into the decision-making process.

To accurately calculate the probability of select‐
ing a node as a facility at each t, the model learns a 
refined representation that integrates D i and a learn‐
able weight matrix W I, yielding a dynamic embedding 
vector F i that is defined as follows:

F i = D iW
I. (26)

4.3  Implementation of the SPID method

Based on the introduction of D i, the information 
required for model inference is categorized into two 
types: static and dynamic information. Static infor‐
mation comprises the two-dimensional coordinates 
and demand values of each point, representing fixed 
attributes that remain constant throughout model train‐
ing. Conversely, dynamic information reflects system 
states, such as the coverage status of each demand 
point and the capacity utilization of each facility.

Fig. 2 shows that the static and dynamic infor‐
mation within the spatial perceiver module of SPID 
is first transformed from the original representations 
into high-dimensional embeddings that can be pro‐
cessed by the model. The static information is subse‐
quently divided into two separate streams to enhance 
the ability of the model to learn and represent differ‐
ent feature types.

One stream of static embeddings is employed as 
input to the inferential decision module of SPID, where 
a GRU component captures the temporal dependen‐
cies and contextual information of the decision se‐
quence, including historical decisions, current states, 
and constraints to be satisfied. The other stream is 
integrated with dynamic information and passed into 
the scaled dot product attention component, enabling 
the computation of attention weights through a multi-
head attention mechanism.

Both branches complement each other; the GRU 
facilitates sequence modeling, and the attention mech‐
anism focuses on feature selection. Synergistically, 
they guide the model to determine the static features 
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that must be emphasized at each decision point, 
thereby achieving adaptive feature selection and weight 
assignment.

To ensure solution feasibility, SPID incorporates 
a masking mechanism. This approach enables the 
direct integration of problem constraints and decision-
making rules into the inference process of the neural 
network. Specifically, SPID employs three types of 
mask matrices: the access matrix (for recording his‐
torical selections), the service matrix (for tracking 
cumulative demand fulfillment), and the dynamic 
coverage matrix (for representing the current decision 
features). The current decision features are encoded 
in the form of a matrix comprising D i.

After each siting decision, SPID updates all three 
mask matrices to ensure the correct handling of the 
constraints of the facility siting problem. These con‐
straints include capacity limits, service radius restric‐
tions, and duplicate selection avoidance.

Finally, the model generates a probability distribu‐
tion over all candidate points using a softmax function, 

after which it selects the point with the highest expected 

reward as the current decision. Fig. 3 illustrates the 

inference and decision-making workflow of SPID.

5  Experiment and results

This section presents a thorough experimental vali‐

dation of the SPID framework for addressing the UAM 

vertiport siting problem. The evaluation is structured 

into three progressive phases: (1) ablation experi‐

ments, which assess the contribution of each compo‐

nent to the overall solution quality; (2) comparison 

experiments, in which SPID is benchmarked against 

mainstream clustering- and GNN-based methods; (3) ex‐

periments to examine the adaptability of the frame‐

work across the three UAM development stages, high‐

lighting its ability to adjust to the evolving UAM op‐

erational scenarios. The SPID training framework is 

detailed in the supplementary materials.

Fig. 2  SPID framework

2407



Liu et al. / Front Inform Technol Electron Eng   2025 26(12):2397-2420

5.1  Ablation experiments and results

The SPID framework integrates a multi-layer graph 
attention network (GAT) encoder with a decoder that 
combines GRUs and an attention mechanism. To iso‐
late and quantify the contributions of each architectural 
component to the quality and computational efficiency 
of the UAM facility location solution, ablation ex‐
periments are conducted using two model variants: one 
without the GRU (GRU-free) and the other without 
the attention mechanism (attention-free). The GRU-free 
variant excludes recurrent-context modeling and re‐
places the GRU update with a simple embedding aver‐
aging: ht = mean({vi|i∈ selected }). The attention-free 

variant excludes the adaptive node-scoring mecha‐
nism and assigns a uniform probability to unselected 
locations: uj =0, ∀j.

To facilitate a fair comparison, all model vari‐
ants share the same training protocol. The network 
uses a 128-dimensional embedding space, incorporat‐
ing three layers of GAT encoders (each equipped with 
eight attention heads), and a 128-dimensional decoder. 
Training is conducted using the Adam optimizer at a 
learning rate of 5×10−5 by a 1×10−4 weight decay, a 

batch size of 4, and a gradient clipping norm of 10. 
Each model is trained for up to 640 epochs on 1000 
problem instances, with early stopping (patience=15). 
The architecture and hyperparameter configurations 
of the SPID framework are detailed in the supplemen‐
tary materials. Table 3 reports the test performance 
obtained across the 1000 instances, and Fig. 4 shows 
the value function trajectories for all three models 
during training in the ablation study.

The results of the ablation experiments demon‐
strate that the full SPID model delivers the best per‐
formance, thus validating the synergistic contribution 
of the GRU and attention mechanisms. Specifically, the 
GRU component improves the performance of the 
model by 0.094% by maintaining sequential con‐
text, whereas the attention mechanism enhances the 
performance by 0.134% through adaptive node selec‐
tion. This phenomenon arises because the baseline so‐
lution quality is already close to its upper bound, leav‐
ing only limited room for the two components to fur‐
ther improve the solution quality. In terms of runtime, 
simplifying the model architecture consistently leads 
to faster inference. However, the moderate computa‐
tional overhead is justifiable for UAM infrastructure 

Fig. 3  SPID RL state workflow chart
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planning, where facility siting decisions have long-term 
strategic implications.

The training dynamics further clarify the func‐
tional roles of each component. The SPID model 
demonstrates the smoothest convergence trajectory, 
achieving the optimal validation loss at the 50th epoch 
while maintaining high stability throughout subsequent 

training. Conversely, the GRU-free variant achieves 
the fastest convergence, although it ultimately yields 
slightly lower solution quality. However, the attention-
free variant achieves a substantial increase in conver‐
gence time. Overall, the ablation experiments indicate 
that the GRU and attention mechanisms synergistically 
enhance the model performance, with the SPID model 
achieving the best balance among the accuracy, sta‐
bility, and convergence efficiency. Furthermore, the 
SPID model demonstrates high consistency between the 
training and test phases, with a minimal training–test 
performance gap of only 0.0002, confirming its robust‐
ness and generalizability in solving the facility siting 
problem.

5.2  Results of the comparative experiments

To comprehensively evaluate the performance of 
the proposed SPID method, it is systematically com‐
pared with two baseline methods: traditional clustering- 
and GNN-based methods. Both approaches are main‐
stream solutions for location optimization problems 
and provide a scientific benchmark for assessing the 
proposed DRL-based framework.

For the GNN-based methods, each model is 
trained for 50 epochs using the same training instances 
as SPID. All GNN models use 128-dimensional hidden 
representations to match the embedding dimensions 
of SPID. Additionally, they are optimized using the 
Adam optimizer with the same loss function to ensure 
a fair comparison.

The problem scenarios for the comparison experi‐
ments are set as p = 5, Cj = 60, r = 0.3, and ∑di = 550, 

where candidate locations and demands follow a uni‐
form random distribution within the unit square [ 0, 1]2. 

Further, 1000 problem instances are generated using 
these scenario parameters to ensure comprehensive 
test. Table 4 presents the performances of all nine 
methods (SPID, five clustering-based methods, and 
three GNN-based methods) evaluated on the 1000 test 
instances. Furthermore, Fig. 5 shows a radar chart of 

Table 3  Performance table of the test set

Model
Complete model
GRU-free model
Attention-free model

Average loss
17.4123
17.4287
17.4356

Standard deviation
0.5234
0.5412
0.5123

Minimum value
15.8923
15.8734
15.9123

Maximum value
19.2341
19.3456
19.1234

Time (ms)
23.4
19.8
18.7

The bold indicates the best results

Fig. 4  Model training value function curve: (a) complete 
model; (b) GRU-free model; (c) attention-free model. Avg: 
average
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multi-dimensional performance metrics for compar‐
ing SPID with GNN-based algorithms.

Notably, the SPID method achieves the best per‐
formance on social indicators, Sg, Se, and Sf. Across 
the social performance metrics emphasized in this 
study, SPID outperforms the suboptimal solutions 
produced by traditional clustering- and GNN-based 
methods by up to approximately 29%. In terms of 
distance cost control (the Cu indicator), the GCN-based 
method attains the lowest cost, while SPID exhibits a 
9.8% increase compared to GCN, which is still within 
this acceptable margin. The GRU and attention mech‐
anisms in SPID increase the computational overhead, 
making the inference time approximately 4 and 3.2 
times those of GCN and k-means, respectively. For 
applications requiring real-time dynamic adjustments, 
such as the rapid deployment of temporary facilities 
in disaster response (or emergency logistics), this com‐
putational delay could represent a practical limitation.

The multi-dimensional radar chart further high‐
lights the comprehensive advantages of SPID in solving 
facility location problems. The chart reveals that SPID 
forms a significantly expanded polygon in the Sg, Se, 
and Sf dimensions, with facility utilization approaching 
an ideal state. This result indicates that SPID achieves 
broad coverage and ensures efficient resource alloca‐
tion, thereby avoiding the dilemma of high coverage 
but wasted capacity or high utilization but insufficient 
coverage. Conversely, although GraphSAGE demon‐
strates competitiveness in distance indicators (1/Cw 
and 1/Cu), the significant contraction of its coverage 
dimensions exposes the flaw of over-optimizing oper‐
ational costs at the expense of service equity. This 
difference is particularly crucial in public facility plan‐
ning: for essential services, such as hospitals and 
schools, service accessibility must be prioritized over 
mere cost minimization. From the perspective of long-
term return on investment, the adaptability and stabil‐
ity of the location solutions of SPID offer enhanced 
robustness against uncertainties, including population 
distribution changes and demand fluctuations, thereby 
simultaneously reducing the risk of future replanning 
and promoting social equity.

As a public infrastructure, UAM vertiport sites 
are evaluated based on two core indicators: coverage 
and effective coverage, reflecting the scientific quality 
of their selected locations. Fig. 6 shows that SPID 
achieves the best siting results, significantly outper‐
forming the other models in terms of coverage rates. 
Under the same facility number and capacity con‐
straints, SPID serves almost all candidate locations, 
with its Sg improving by almost 20 percentage points 
compared with the second-best model (Spectral). The 

Table 4  Comprehensive comparison of the performances of SPID and the baseline methods

Method

SPID (ours)

GraphSAGE

GAT

GCN

Spectral

Hierarchical

k-means

k-medians

DBSCAN

Sg (%)

95.02

70.16

70.64

70.06

73.89

70.82

69.34

68.97

52.18

Se (%)

57.10

51.02

51.11

50.86

54.58

54.32

53.86

53.67

38.42

Sf (%)

98.25

91.45

90.60

91.52

92.45

92.01

91.23

90.98

72.15

Cw

35.45

32.96

33.95

34.07

36.21

36.15

36.08

36.12

45.67

Cu

7.17

6.56

6.59

6.53

7.32

7.29

7.28

7.31

9.12

Inference time (ms/instance)

28.5

15.2

12.8

7.1

42.3

38.6

8.9

9.2

156.7

Training time (h)

1.38

1.29

1.41

0.95

‒

‒

‒

‒

‒

The bold indicates the best results. “–” indicates that these methods do not involve the training process

Fig. 5  Multi-dimensional performance radar chart
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lower service blind spot ratio of the SPID solution 
aligns it more with the required service attributes for 
public facilities. Regarding Se, SPID maintains its out‐
standing leading position, although the margin of 
advantage over other methods has narrowed.

The simultaneous achievement of high Sg and Se 
confirms that the sequential decision-making mech‐
anism of SPID can achieve an optimal balance between 
spatial layout and capacity allocation. This capability 
is especially valuable in the face of future dynamic 
demand fluctuations. For instance, when population 
growth in a certain area causes a surge in demand, 
the initial location selection would have already covered 
that area (with a high Sg), and only local capacity ad‐
justments will be required. This coverage avoids the 
need for complete location re-selection. This renders 
the location results of SPID more strategically forward-
looking and better suited to urban infrastructure de‐
velopment requirements.

Additionally, the narrow box plot combined with 
the high-median distribution pattern of SPID indicates 
its excellent performance and reflects the high stabil‐
ity of its solution quality for problems with diverse 

characteristics. Conversely, the second-best model, 
Spectral, exhibits high sensitivity to the characteris‐
tics of the problem instances, with its interquartile 
range being four times that of SPID, reaching ap‐
proximately 40 percentage points. To further quantify 
the robustness of each model, the coefficient of varia‐
tion (CV=σ/μ) is employed as a standardized vola‐
tility indicator. Notably, Sg CV of SPID is approxi‐
mately 0.021, which is significantly lower than those 
of Spectral (0.054), GraphSAGE (0.071), and DBSCAN 
(0.137). These results further confirm the strong ro‐
bustness of SPID against input data perturbations and 
problem instance heterogeneity. This robustness indi‐
cates that the SPID model is better equipped to handle 
demand forecast errors, spatial data noise, and dynamic 
environmental changes.

Overall, SPID achieves an optimal trade-off be‐
tween unconstrained spatial coverage and constrained 
capacity distribution. Moreover, the reliability and long-
term value of its solutions are evident in the theoretical 
research findings (e.g., robust convergence and optimal 
balance of trade-off) and their potential for practical 
deployment across various operational scenarios.

Fig. 6  Comparison chart of the geographic coverage rate Sg and the effective coverage rate Se of the compared meth‐
ods across 1000 test instances
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5.3  Experiments across development stages

5.3.1  Experiment configuration

Low-altitude aviation is currently at its develop‐
mental stage. At this stage, the operational capacity of 
takeoff and landing platforms is generally sufficient 
to meet existing demands. However, with the evolution 
of the sector, the supply–demand balance is expected 
to shift (from an initial oversupply state to relative 
scarcity, and eventually to undersupply). To capture 
this progression, three simulation scenarios are de‐
signed to simulate the early, intermediate, and rapid 
growth stages of this aviation sector. Each scenario 
explores the facility location problem for low-altitude 
flight services under varying demand conditions.

For theoretical validation, these scenarios are used 
to assess the performance of the model under differ‐
ent constraint configurations: (1) flight radius con‐
straints only, (2) capacity constraints only, and (3) both 
constraints applied simultaneously. All simulations in 
this section are performed using SPID and Gurobi. 
Gurobi is widely recognized in operations research 
and industry as a leading commercial mathematical 
programming solver, particularly for mixed-integer op‐
timization problems. Therefore, it provides a reliable 
reference solution for evaluating the accuracy and 
quality of the outputs of SPID. Table 5 presents a sum‐
mary of the experimental design and corresponding 
analyses of the various developmental stages.

The experimental environment uses the follow‐
ing configuration: operating system (Windows 11.0 
(22631.2) running on a 64-bit Windows platform), CPU 
model (12th Gen Intel® CoreTM i9-12900H), and solver 
(Gurobi Optimizer version 11.0.3 build v11.0.3rc0). 

The Python programming language is used for all 
coding and implementation. The training loss plots 
for the three stages are illustrated in the supplemen‐
tary materials.

5.3.2  Experiment of the early stage

Here, the facility location problem during the early 
stage of low-altitude aviation is examined (the facility 
capacity is sufficient at this stage). Additionally, key 
constraints at this stage include the spatial distribu‐
tion of demand points and UAV flight limitations. As 
this scenario aligns directly with the current practical 
needs, it is used to assess the effectiveness of SPID in 
facility location optimization. For the assessment, com‐
parative experiments are conducted across three dis‐
tinct problem sizes (20, 50, and 100 nodes), with SPID 
benchmarked against the exact mathematical program‐
ming solver Gurobi.

All algorithms produced feasible solutions within 
the acceptable time. Fig. 7 shows the node configu‐
rations, and Table 6 presents the experimental results. 
For the 100-node case, 50 additional experiments with 
varying capacities and demand distributions are run. 
Fig. 8 shows the selected results and summary charts.

The experimental results highlight three key ad‐
vantages of SPID in facility location optimization: 
(1) stable near-optimal performance across diverse 

Fig. 7  Schematic of the experimental node settings: (a) 20 nodes; (b) 50 nodes; (c) 100 nodes

Table 5  Summary of the experimental settings

Development stage

Early stage

Intermediate stage

Rapid growth stage

Supply–demand ratio

Sufficiency

Tight

Shortage

Key constraint

Flight radius

Both

Capacity
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problem sizes; (2) strong multi-objective balancing, 
particularly in coverage and resource utilization; (3) su‐
perior computational efficiency compared with exact 
algorithms, making it more suitable for large-scale 
applications.

Although slightly less effective than Gurobi in 
minimizing transportation cost, SPID offers better 
overall performance in terms of service quality and 
runtime, thereby enhancing its practical value. Rang‐
ing between 20 and 100 nodes, SPID consistently 
maintains solution gaps below 0.1. Gurobi achieves 
lower transportation cost (31.03 vs. 49.83, −37.73%) 
and shorter total distance (6.64 vs. 11.49, −42.21%). 
However, SPID excels in terms of demand coverage 
(50.62% vs. 48.36%) and facility utilization (93.63% 
vs. 89.46%), reflecting its capability to balance effi‐
ciency and service. SPID also demonstrates strong com‐
putational performance, producing solutions within 
6 s. Further, Gurobi fails to produce solutions within 
1 h without initialization. However, when the output 
from SPID is deployed as an initialization point, its 
solving time decreases to 0.71 s, demonstrating the 
quality of SPID-obtained solutions and the value of 
DRL-based acceleration.

To assess the stability of SPID-obtained solutions, 
multiple experiments were conducted alongside a corre‐
lation analysis (Fig. 8), and the results reveal that the 
key metrics exhibited strong correlations. Additionally, 
Sg and Se exhibited high correlation (rc=0.734), as did 
facility utilization and service efficiency (rc=0.740).

Conversely, transportation cost correlated nega‐
tively with most indicators, particularly Sg (rc=−0.341) 

Table 6  Experimental results

Scenario setting

20 nodes
Facility points: 3
Total demand: 113.92
Individual facility capacity: 60

50 nodes
Facility points: 4
Total demand: 279.98
Individual facility capacity: 100

100 nodes
Facility points: 5
Total demand: 554.97
Individual facility capacity: 120

Algorithm

SPID

Gurobi

SPID

Gurobi

SPID

Gurobi

Objective function value

3.2257

3.2237

7.8333

7.8333

16.0871

16.0010

Solving time (s)

0.019

0.101

2.64

Gap

−0.002

0

−0.0861

Fig. 8  Schematic of the experimental node settings: (a) 
complete correlation matrix; (b) strong correlations only with 
|rc|⩾0.3

2413



Liu et al. / Front Inform Technol Electron Eng   2025 26(12):2397-2420

and Se (rc= − 0.311), indicating that higher costs re‐
duce service reach. The load-balance index exhibited 
overall weaker correlations, with its most significant 
correlation being a negative relationship with service 
efficiency (rc=−0.276). This indicated that uneven load 
distribution may hinder performance.

Further analysis of strong correlations (|rc|⩾0.3) 
confirmed two key patterns (Fig. 8b): (1) Sg and Se 
are tightly linked, and (2) facility utilization is closely 
associated with service efficiency. These patterns pro‐
vide theoretical support for optimizing service con‐
figuration and enhancing system performance.

5.3.3  Experiment of the intermediate stage

This subsection explores the facility location prob‐
lem during the mid-stage development of low-altitude 
aviation. This stage is characterized by limited facility 
capacity, where capacity-related constraints begin to 
play a critical role in location decisions. To assess the 
effectiveness and solution performance of SPID in 
these scenarios, it is compared against Gurobi using 
a 100-node problem instance. The following exper‐
iment parameters were set: p=5, Cj =60, r = 0.3, ∑di =

555.0, and the results are shown in Fig. 9.
Experimental results reveal that SPID achieves 

a transportation cost of 49.83, a total distance of 11.49, 
a demand coverage rate of 50.62%, and a facility uti‐
lization rate (Sf) of 93.63%. In comparison, Gurobi 
achieves a lower transportation cost (31.03) and shorter 
distance (6.64), with a slightly lower demand cover‐
age (48.36%) and Sf (89.46%).

SPID outperformed Gurobi in service-related 
metrics, with higher coverage (+2.26%) and utiliza‐
tion (+4.17%) scores. Conversely, Gurobi performed 
better in the cost (−37.73%) and distance (−42.21%) 
metrics. Overall, these findings reflect the capability of 
SPID to balance service quality and resource utiliza‐
tion, as well as the cost-efficiency advantage of Gurobi.

Regarding computational efficiency, SPID com‐
pleted facility location optimization in approximately 
6 min. Gurobi, without an initial solution, failed to 
converge within 1 h. However, when initialized with 
the output of SPID, it reached a global optimum in 
just 0.71 s (mixed-integer programming gap=0.0003), 
confirming the high quality of SPID-obtained solu‐
tions and their value as accelerators of exact solvers.

Fig. 9  Intermediate stage simulation results: (a) the 
initial distribution of demand points; (b) Gurobi solution; 
(c) SPID solution
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5.3.4  Experiment of the rapid growth stage

This subsection explores the facility location prob‐
lem during the rapid growth phase of low-altitude 
aviation. At this stage, facility capacity becomes in‐
creasingly constrained, whereas the endurance of low-
altitude aircraft is expected to improve significantly. 
Consequently, capacity-related constraints become the 
primary factors influencing location decisions. To 
assess the effectiveness of SPID in these scenarios, 
comparative experiments are conducted against the 
exact solver Gurobi on a 100-node problem instance. 
Table 7 presents a summary of the results. Notably, two 
experimental scenarios are designed for the comparison:

Scenario 1: p=5, Cj =60, r =1.2, and ∑di =550.0; 

the results are shown in Figs. 10c and 10d.
Scenario 2: p=5, Cj =60, r =1.2, and ∑di =596.6; 

the results are shown in Figs. 10e and 10f.
The experimental results reveal significant per‐

formance differences between SPID and Gurobi in 
the rapid growth phase scenarios. SPID yields higher 
objective functions and longer total distances, but 
achieved better Se and Sf. It also provides more bal‐
anced demand allocation. For instance, Fig. 10c shows 
that SPID covered third-quadrant demand points that 
Gurobi failed to. This supports previous findings that 
higher demand satisfaction may increase the overall 
cost.

With the increasing r of the facility, overlapping 
service areas will make the allocation strategy more 
critical. Notably, under stringent capacity constraints, 
SPID exhibits limited capability to address multi-
coverage conflicts. As shown in Fig. 11, when Gurobi 
re-optimizes the allocations based on SPID-facilitated 
facility placements, the objective functions decrease 
significantly (very close to the original results obtained 
by Gurobi). This finding indicates that SPID performs 
well in site selection but requires improvement in allo‐
cation refinement.

Consistent with this observation, the final Gurobi 
re-allocation experiment re-optimizes allocation with 
SPID-based siting plan, yielding a demand coverage 
rate of 49.22% (Fig. 11d). This exceeds the 47.57% 
(Fig. 11c) coverage obtained when Gurobi directly 
optimizes siting, corresponding to an improvement of 
approximately 3%. Taken together, these results indicate 
that SPID’s performance gap arises primarily from limi‐
tations in its allocation strategy rather than inaccura‐
cies in site selection, and that its more balanced and 
strategically sound spatial deployment (Fig. 11d) pro‐
vides a stronger foundation for downstream alloca‐
tion. Overall, the evidence supports the robustness of 
SPID within the siting allocation framework and high‐
lights its forward-looking value for long-horizon plan‐
ning under demand uncertainty.

6  Conclusions

A novel solution to the low-altitude UAM facility 
location problem is demonstrated by reformulating 
the classical CFLP (an inherently combinatorial opti‐
mization problem) as an MDP, which is subsequently 
solved efficiently via DRL-based solver, SPID. The 
proposed SPID model delivers consistently strong per‐
formance in siting decisions. Notable performance 
differences relative to the exact solver, Gurobi, only 
arise when allocation quality becomes critical (typi‐
cally under scenarios with extremely wide facility cov‐
erage (i.e., high degrees of overlapping service areas)). 
In such cases, applying Gurobi to the re-optimization 
of demand allocation based on SPID-solved siting de‐
cisions reduces the distance-based cost and improves 
demand coverage, thereby further validating the robust‐
ness of the approach. Further, SPID offers notable ad‐
vantages in computational efficiency. Although model 
training requires a modest upfront time investment, in‐
ference with a pretrained model solves new problems 

Table 7  Experimental results

Scenario

1

2

Algorithm

SPID

Gurobi

SPID

Gurobi

Objective function

145.87

28.28

128.86

152.94

Total distance

5.53

36.68

30.54

25.71

Se (%)

46.78

49.29

45.07

47.57

Sf (%)

86.54

96.07

94.76

99.20
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Fig. 10  Experimental results for the rapid growth phase: (a) the initial distribution of demand points for scenario 1; 
(b) the initial distribution of demand points for scenario 2; (c) Gurobi solution for scenario 1; (d) SPID solution for scenario 1; 
(e) Gurobi solution for scenario 2; (f) SPID solution for scenario 2
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within 6 min. This performance substantially outper‐
forms Gurobi, which may fail to return a solution 
within 1 h, especially without a high-quality feasible 
starting point to narrow the initial search space. Overall, 
SPID delivers a reliable site selection performance un‐
der standard and challenging conditions, even without a 
dedicated allocation sub-model. Its emphasis on maxi‐
mizing service coverage and promoting equitable dis‐
tribution makes it particularly suitable for public ser‐
vice applications and regulatory contexts that prioritize 
accessibility over cost minimization. Future modifi‐
cations may include integrating an allocation module to 
improve the model performance in complex allocation 
scenarios.

This study operates under several simplifying as‐
sumptions that are applied to the problem formulation 

and the solution setup. On the modeling side, the frame‐
work assumes a steady-state demand distribution, which 
is appropriate for long-term infrastructure planning but 
neglects short-term temporal fluctuations. Put differ‐
ently, it does not explicitly capture exogenous demand 
fluctuations driven by time-of-day patterns, seasonal 
variation, or special events. The proposed formula‐
tion also omits several practical deployment constra‑
ints, including regulatory requirements (e.g., airspace 
restrictions and zoning limits), environmental im‐
pacts (e.g., noise and energy consumption), and three-
dimensional airspace coordination (e.g., detailed flight 
path planning). These factors are indeed critical for 
real-world deployment, but can be effectively treated as 
additional constraint layers. Future studies may incor‐
porate them by extending the state space of the MDP 

Fig. 11  Gurobi-resolved experimental results via post-redistribution solutions with different total transportation costs: 
(a) 28.48 in scenario 1; (b) 74.46 in scenario 1; (c) 152.94 in scenario 2; (d) 131.41 in scenario 2

2417



Liu et al. / Front Inform Technol Electron Eng   2025 26(12):2397-2420

or by formulating the problem as a multi-objective 
optimization task.

On the solution side, the main objective of this 
study is to assess the potential of DRL as a viable alter‐
native to traditional operations research techniques for 
solving MILPs. Crucially, the goal is not to claim su‐
periority over all possible DRL approaches. Thus, SPID 
is specifically compared against baselines that reflect 
established practice in facility location problems: exact 
solvers, heuristic algorithms, and GNN-based meth‐
ods. In this study, we do not benchmark against more 
general-purpose DRL algorithms, such as proximal 
policy optimization or soft actor–critic, which are de‐
signed for broader classes of control and decision-
making tasks. A systematic comparison with such al‐
gorithms remains a crucial direction for future studies 
in evaluating the broad applicability of DRL-based 
MILP solvers.

In summary, the SPID framework can be effec‐
tively enhanced along several dimensions. Potential 
extensions for future studies include modeling tem‐
poral demand dynamics to capture short-term fluctua‐
tions, integrating an explicit demand allocation module 
to improve performance under high service overlap, 
and integrating more realistic deployment constraints 
(e.g., regulatory and environmental factors). These 
additions would increase the applicability of the frame‐
work. Future studies must also include a systematic 
comparison with state-of-the-art DRL methods devel‐
oped specifically for combinatorial optimization, which 
will better characterize performance limits and identify 
opportunities for architectural improvement. Thus, this 
study represents an initial step toward a comprehen‐
sive planning system for the UAM infrastructure rather 
than a complete deployment-ready solution.
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