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Abstract

Low-altitude logistics is increasingly considered a promising solution for urban last-mile
delivery, yet how urban morphology is associated with the simulated cost of drone logistics
networks across cities remains unclear. This study examines model-based relationships
between urban spatial form and the cost performance of drone logistics networks under
unified simulation assumptions. A multi-tier facility location model is developed and
applied to 101 Chinese cities, with simulated annealing used to obtain cost-minimizing
configurations of drone take-off and landing facilities. An XGBoost model with SHAP
analysis is employed to interpret nonlinear associations and interaction patterns between
urban morphology indicators and simulated network cost, while K-means clustering is
used to identify representative morphology-cost patterns. The results show that built-
up area and landscape shape index are the most influential predictors in the adopted
modeling setting, both exhibiting threshold-like sensitivity ranges. Simulated network
costs increase more rapidly when built-up area exceeds approximately 1000 km? and
when landscape shape index falls within 5-15, with a notable interaction between them.
Three morphology—cost types are further identified, reflecting systematic differences in
simulated network organization. These findings provide simulation-derived evidence
for morphology-sensitive planning of low-altitude logistics infrastructure, while actual
deployment decisions still require calibration with local demand, operational, regulatory,
and airspace conditions.

Keywords: drone logistics networks; urban morphology; facility location optimization;
XGBoost; SHAP; spatial adaptation

1. Introduction

With the acceleration of global urbanization and the explosive growth of e-commerce,
last-mile urban logistics is facing unprecedented pressure. Traditional ground-based de-
livery systems have long been constrained by traffic congestion, rising labor costs, and
environmental externalities [1,2]. According to reports by the United Nations and UN-
Habitat, global urban populations and urban activities are projected to continue rapid
growth over the coming decade, with cities absorbing the majority of demographic and
consumption increases, thereby further intensifying both the scale and spatial complexity of
last-mile logistics demand [3]. In response to these challenges, drone-enabled low-altitude
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logistics, as a core component of the emerging low-altitude economy, is increasingly rec-
ognized as a promising solution for reconfiguring urban logistics and building smarter
transportation networks [4,5]. However, the scalability and economic efficiency of drone
logistics depend not only on vehicle performance or scheduling strategies but also on
the structural constraints imposed by the physical environment in which they operate.
Urban spatial morphology, characterized by the size of built-up areas, boundary complexity,
spatial continuity and internal connectivity, influences the organization of flight routes, the
spatial coverage efficiency of take-off and landing facilities, and overall network operating
costs. Evidence from ground logistics research suggests that urban sprawl and fragmenta-
tion can increase route detours and service costs [6,7], implying that spatial morphological
structure may likewise be a key external driver of drone logistics network cost. Despite the
growing interest in low-altitude logistics as a complement to traditional ground modes,
the operational logic of such systems and the nature of their spatial constraints remain
insufficiently explored. Against this backdrop, uncovering how urban morphology influ-
ences the cost dynamics of drone logistics networks and identifying the spatial adaptation
characteristics between different urban forms and drone network layouts are pressing
research challenges.

This study is related to three bodies of literature: drone logistics network planning,
urban morphology—transport efficiency relationships, and explainable machine learning
in urban studies. Existing studies on drone logistics networks have primarily focused on
operations research and system-level scheduling, generating a substantial body of method-
ological contributions, yet often relying on simplified spatial representations. Drawing on
classical optimization frameworks, prior research has concentrated on two core themes.
The first concerns facility location, where models based on the p-median problem, set-
covering formulations, and mixed-integer programming are widely employed to optimize
the number and spatial distribution of drone take-off and landing facilities [8]. The ob-
jective functions of these models have gradually expanded beyond cost minimization to
incorporate multiple sustainability-related criteria, including service coverage, customer
satisfaction, energy consumption, and carbon emissions [9]. The second major theme
involves route planning and coordinated scheduling, with research efforts devoted to
optimizing drone flight paths to reduce energy consumption and operational risk [10]. In
particular, truck—drone cooperative delivery systems have attracted growing attention,
as they combine the high payload capacity and long endurance of ground vehicles with
the flexibility of drones in last-mile delivery, and have been shown to effectively extend
service ranges while reducing total delivery costs [11,12]. Despite these advances, urban
spatial morphology is still often treated as a contextual backdrop rather than an explicit
explanatory dimension in drone logistics network studies. Most models abstract cities
into discrete demand points, candidate sites, and operational networks, thereby providing
limited insight into how built-up area structure may be associated with facility coverage ef-
ficiency, route organization, and cross-city differences in simulated drone logistics network
costs. Although some studies have acknowledged that urban spatial heterogeneity plays
an important role in shaping drone operational patterns, it has yet to be systematically
incorporated into city-scale simulation and evaluation frameworks [13,14].

Meanwhile, a substantial body of empirical and review studies in urban planning and
geography has shown that urban form is closely associated with ground transportation effi-
ciency, transport-related energy consumption, and infrastructure accessibility. In general,
compact development, mixed land use, high network connectivity, and polycentric spatial
organization tend to reduce reliance on private motorized travel, shorten average com-
muting distances, increase the shares of public and active transport, and lower transport-
related energy consumption and carbon emissions [14-16]. However, these effects are not
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always linear. Moderate levels of land-use mix and development density may improve
travel efficiency, whereas excessive concentration may generate congestion, compounded
travel demand, excess commuting, or detours, thereby weakening the expected efficiency
gains [17-19]. From a spatial-structural perspective, polycentric urban forms can alleviate
pressure on a single urban core by dispersing employment, services, and travel flows across
multiple centers [20]. In contrast, morphological fragmentation and discontinuities in street
networks tend to reduce accessibility, increase route circuity and vehicle kilometers traveled,
and amplify transport energy consumption and emissions [21,22]. These findings suggest
that urban form affects transportation efficiency not only through the spatial distribution
of population and activities, but also by shaping accessibility, connectivity, and the siting
efficiency of transport and public-service facilities [23,24]. Nevertheless, most of these
conclusions are grounded in ground transportation systems, which are constrained by road
networks, route circuity, and node-based congestion [25]. Drone logistics, by contrast, relies
more heavily on point-to-point flight, service-radius coverage, and low-altitude facility
organization. Therefore, the morphological effects identified in ground transportation con-
texts cannot be directly transferred to drone logistics network layout and cost simulation,
but they provide an important theoretical basis for examining whether urban form is also
associated with simulated drone logistics network costs.

To clarify the position of this study within the existing literature, Table 1 summarizes
related research along three dimensions: spatial representation, scale of analysis, and the
extent to which urban morphology is incorporated into optimization or explanatory frame-
works. The comparison suggests that the main gap does not lie in the lack of drone logistics
optimization methods, but in the limited integration of city-scale morphology, comparable
network cost simulation, interpretable nonlinear analysis, and typology-oriented planning
across a broad multi-city sample.

Table 1. Comparison of Related Research Streams and Identification of Research Gaps.

Research Stream

Typical Model Remaining Gap

Drone facility location

Drone routing and
truck-drone
coordination

Urban morphology and
transport efficiency

Explainable machine
learning in
urban studies

This study

Spatial Representation Scale of Analysis Addressed in
or Approach .
This Study
MILP, p-median, Demgnd pomjcs. a.nd Single city, synthetic Limited explanation of
: candidate facilities; . how morphology
covering models, scenario, or ;
o N urban form . shapes cross-city
heuristic optimization o limited cases .
often simplified cost variation
Routing, scheduling, Routes and service . Strong operational
: Operational or detail but weak
energy or nodes; city morphology . . .
. 27 route-level integration with macro
time optimization treated as background
urban form
Empirical morphology, Built-up form, network . Morphploglcal effects
o . Urban or regional rarely linked to drone
accessibility, energy, structure, density, - .
s ; . comparison logistics
and mobility analysis fragmentation . .
facility-location costs
Useful for nonlinear
XGBoost, Randqm Tabular indicators and Sample-based explanation but seldom
Forest, SHAP, nonlinear . . . . .
. ) predicted outcomes comparative analysis combined with drone
interpretation

Facility-location
simulation, OLS
benchmark,
XGBoost-SHAP,
K-means typology

City-scale morphology
indicators linked to
simulated drone
network costs

101 major
Chinese cities

network simulation
Provides a
simulation-based
comparative
framework for
morphology-sensitive
drone
logistics planning
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Based on the above review and comparison, three research gaps remain. First, urban
spatial morphology has rarely been systematically incorporated into city-scale simula-
tions of drone take-off and landing facility networks. As a result, existing studies provide
limited evidence on how morphology is associated with cross-city variation in simulated
drone logistics network costs. Second, although nonlinear and threshold-like relationships
between urban form and ground transportation efficiency have been widely discussed,
few studies have examined whether similar nonlinear sensitivity ranges exist in drone
logistics network cost simulations. Third, most existing drone logistics studies focus on
single cities, operational routes, or hypothetical scenarios, while broader multi-city compar-
isons remain limited. This constrains the development of differentiated planning insights
for drone logistics facility deployment under different urban morphological conditions.

Accordingly, this study is guided by three research questions: (1) Which urban mor-
phology indicators most strongly explain cross-city differences in drone logistics network
costs? (2) Do the effects of urban morphology on network costs exhibit nonlinear thresholds
or interaction patterns, and if so, where do these sensitivity ranges occur? (3) What repre-
sentative morphology-cost types can be identified across major Chinese cities, and how can
they inform differentiated planning strategies for drone take-off and landing facilities? The
remainder of this paper is organized as follows. Section 2 introduces the study area, data
sources, research framework, facility-location simulation model, morphology indicator
system, and analytical methods. Section 3 reports the main results, including morphology—
cost associations, XGBoost-SHAP interpretation, and K-means-based morphology—cost
typologies. Section 4 discusses the nonlinear relationships, spatial adaptation patterns,
planning implications, and limitations of the study. Section 5 summarizes the main findings
and suggests directions for future research.

2. Methodology
2.1. Study Area

This study uses the County-Level Data from the Seventh National Population Census
of China (2020) released by the State Council Census Office as the primary basis for sample
selection. The initial sample consisted of 105 large cities in China’s urban system, including
megacities, super-large cities, Type I large cities, and Type II large cities. These cities were
selected because they concentrate large populations, relatively strong economic activity,
and extensive built-up areas, and therefore constitute the urban contexts in which low-
altitude logistics demand, facility siting pressure, and network deployment needs are most
likely to emerge first and most intensively. In particular, several leading cities, such as
Shenzhen, Shanghai, and Hangzhou, have already become important frontiers for the
exploration of urban aerial logistics and drone-based delivery in localized scenarios, further
highlighting the relevance of large cities as the key observational units for this study. From
a comparative perspective, restricting the sample to nationally recognized large cities also
ensures a more consistent basis for examining how differences in urban spatial morphology
translate into differences in drone logistics network costs. Four county-level cities were
excluded because their administrative status, statistical caliber, and urban governance
context differ from those of prefecture-level and above cities, which could introduce bias
into cross-city morphology—cost comparisons. The final dataset therefore includes 101 large
cities (Figure 1). Overall, the most important criteria for inclusion were membership in
the national large-city classification under the 2020 Census, consistency in administrative
hierarchy, and the availability of comparable spatial data. This sample captures substantial
variation in population size, economic intensity, and built-up form across major Chinese
cities, providing a robust empirical basis for investigating how urban spatial structure
shapes the efficiency and cost characteristics of drone logistics networks.
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Figure 1. Spatial distribution of the 101 large cities in China.

2.2. Data Sources and Preprocessing

This study integrates multiple sources of spatial data, including Chinese built-up area
datasets, WorldPop population density raster data, and road and building vector data
from Amap to characterize urban built-up morphology, the spatial distribution of logistics
demand, and internal spatial structure, as summarized in Table 2. The built-up area data are
used to delineate urbanized boundaries and serve as the basis for calculating morphological
indicators. Population density data are employed as a proxy for the spatial distribution
of logistics demand, while road and building datasets support the analysis of intra-urban
structure and the computation of related indicators. To ensure spatial consistency and
comparability across cities, each study unit is assigned an appropriate coordinate reference
system according to its geographic location. Built-up area clipping, spatial resampling, and
data cleaning are then conducted sequentially. Through these preprocessing steps, a unified
and comparable city-scale database is constructed, providing a reliable data foundation for
subsequent model development and empirical analysis of drone logistics networks.

Table 2. Data sources and descriptions.

Data Type Data Description Year Spatial Resolution Data Source

Urban boundary Adataset of built-up 2020 10m http:/ /www.doi.org/10.119

vector data areas of Chinese cities 22 /sciencedb.j00001.00332

. global 5

Population raster data population density 2020 100 m https:/ /www.worldpop.org

Road network data Amap road network 2020 - https:/ /www.gaode.com

vector data
o Amap .
Building vector data building footprints 2020 - https:/ /www.gaode.com

2.3. Overall Research Framework

The overall research framework is illustrated in Figure 2 and consists of four inter-
connected components. First, multi-source spatial data are collected and processed for
101 major Chinese cities, including built-up area boundaries, population raster data, road
networks, and building information. Based on these datasets, urban logistics demand is
spatialized by dividing each built-up area into 1 km x 1 km grids and allocating demand

https://doi.org/10.3390/ijgi15060249


http://www.doi.org/10.11922/sciencedb.j00001.00332
http://www.doi.org/10.11922/sciencedb.j00001.00332
https://www.worldpop.org
https://www.gaode.com
https://www.gaode.com
https://doi.org/10.3390/ijgi15060249

ISPRS Int. ]. Geo-Inf. 2026, 15, 249

6 of 25

according to population distribution. Candidate take-off and landing facilities are then
optimized using a multi-level location model solved by a simulated annealing algorithm,
generating cost-minimizing drone logistics networks under a unified set of assumptions
regarding service radius, facility capacity, and operating cost. Second, an urban morphol-
ogy indicator system is constructed to characterize three complementary dimensions of
urban form: scale and spatial distribution, shape complexity, and concentration degree.
Representative indicators include built-up area (BA), floor area ratio (FAR), road den-
sity (RD), nearest-neighbor distance (MNN), landscape shape index (LSI), edge density
(ED), and largest patch index (LPI). Third, model selection and nonlinear interpretation
are conducted by comparing OLS, Random Forest, and XGBoost models using R? and
RMSE as evaluation metrics. The best-performing model is then interpreted using SHAP
to quantify feature importance, nonlinear threshold effects, and interaction relationships
among morphology indicators. Fourth, K-means clustering is applied to classify cities into
representative morphology-cost types, which are further interpreted through comparative
visual analysis. Together, these steps link data preparation, drone logistics network opti-
mization, nonlinear mechanism identification, and typological interpretation, providing a
systematic framework for understanding how urban spatial morphology shapes the cost
and configuration of drone logistics networks across cities.

1.Data collection and processing 3.Results
UAV Logistics Network Optimization |
| Demand Siting ‘ ‘ SA Simulation ‘ ‘ Facility siting results ‘ o ] oot [
o
. T
E N ot | e ] s -
VAR @ Tiert:Core Hub il b
¥ (International/inter-regional)| GO0k
Population Raster @ Tier 2: Regional Node
: (Inta-city distibuton) Feature Importance
| 0 Ter3:Lastmie Sation
} (Communiyleve)

Grid Division

(Tkm % km) FinalOptimized Logistics Hubs L
&
§ j
Shape Complexi C Degree : 8 TR
<LSI I:‘ {/\\\3 -Elongo | |-LPI g K-means clustering
24 S50l | |-ep -H-AWND’FD ~AWMPS W I \ ]
: 4 Tow * ) > high-density ‘medium-density low-density
*AWMPAR * ~AWMSL % | awt;;cgt;m- docentrlizedcity | | compactely
X e
- \;'iy &
. DL
2.Model Selection and SHAP@ &
_____________________ (@ : 5:
| xGBoost | [ re |[ os |
SRR [ [ pertommanee e
e [ee ] i | -

Figure 2. Research framework.

2.4. Drone Logistics Network Siting Model

This section integrates multi-source urban spatial data to develop a quantitative
modeling framework that spans from demand representation to facility siting. First, high-
resolution population distribution data are used to simulate the discrete spatial distribution
of last-mile urban logistics demand. Next, a mathematical optimization model is formu-
lated with the objective of minimizing total system cost, incorporating multiple constraints
related to multi-level take-off and landing facilities, service capacity, and flight range.
Finally, a simulated annealing algorithm is employed to derive cost-optimal spatial con-
figurations of drone take-off and landing facilities for each city. The resulting solutions
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provide a data-driven basis for examining the intrinsic relationships between urban spatial
morphology and the economic efficiency of drone logistics networks.

2.4.1. Urban Last-Mile Logistics Demand Modeling

This study focuses on small-parcel instant delivery and conventional parcel pickup
and drop-off scenarios in urban last-mile logistics. Given the advantages of low-altitude
drone transportation in terms of timeliness and spatial flexibility, service demand is defined
primarily as that generated by permanent urban residents and commercial and office users
within built-up areas whose delivery time sensitivity is relatively high and whose parcel
sizes are compatible with typical drone payload constraints. At the city scale, direct obser-
vations of parcel orders are generally unavailable and are difficult to obtain in a consistent
manner across a large sample of cities. For this reason, population density is used as a
proxy for demand intensity. This choice is based on the fact that urban last-mile logistics
demand is fundamentally rooted in the spatial distribution of people and daily activities.
Areas with higher population concentration generally correspond to denser residential con-
sumption, more frequent parcel reception, and stronger demand for time-sensitive delivery
services. At the macroscopic scale, the purpose of demand representation is not to predict
the exact number of orders in each location, but to capture the relative spatial distribution
of potential demand in a comparable way across cities. In this context, population density
provides a stable, transparent, and spatially continuous approximation of where demand is
more likely to concentrate. It is therefore particularly suitable for cross-city comparative
analysis under a unified modeling framework. Previous studies have similarly shown that
population-based indicators can effectively approximate aggregate delivery demand pat-
terns, especially when the focus is on relative spatial structure rather than platform-specific
order volumes [26-28]. Based on this logic, high-resolution population raster data are used
to construct a demand intensity surface centered on end consumers, thereby providing
a consistent basis for the hierarchical design of drone take-off and landing facilities and
for the simulation of cross-city differences in drone logistics network costs. Although
population density cannot fully capture temporal fluctuations, behavioral heterogeneity,
or differences among business types, it remains a robust proxy for representing the broad
spatial gradients of urban last-mile delivery demand.

First, population raster cells are clipped by the built-up area boundary to obtain the
effective population grid set S. To ensure comparability across cities while controlling
the computational scale of subsequent siting optimization, the built-up area is further
partitioned into regular grids of 1 km x 1 km, forming a grid set G. A demand point is
generated for each grid cell; therefore, the total number of demand points satisfies:

[ TI =161 (1)

Let S; C S denote the set of population raster cells contained within grid cell ¢ € G, and
let Popi represent the population count of raster cell i € S¢. To determine the specific location
of the demand point within each grid cell, a population-weighted sampling approach is
employed to select a representative raster cell. The probability that raster cell 7 is selected is

defined as:
Pop;

p= P
" Ykes, Popx

i€ S ()

According to Equation (2), one raster cell is randomly sampled from S; and denoted
as I’. The geometric center of raster cell /' is then taken as the spatial coordinate of the
corresponding demand point j:

coord(j) = coord(i’), i' € Sq,je],g€G (3)
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The set of demand points | obtained through the above procedures represents the
spatial distribution of urban last-mile logistics demand and serves as the input for the
drone facility siting optimization model described in Section 3.3. A schematic illustration
of the demand point generation process is presented in Figure 3.

L.Input Data:Population Raster Data

-

100m WorldPop Population Raster

2.Grid Division & Point Localization 3. Final Generated Demand Points

1km x 1km

Demand Point
Jj Location

)
- Determine Point Location j
(Weighted Sampling)

@ Calculate Demand D; = 8 x ¥, Pop;
(Sum of population in 1km grid)

Figure 3. Schematic illustration of demand point generation.

2.4.2. Drone Logistics Network Siting and Cost Simulation

This study formulates the construction of a drone logistics network as a facility location
optimization problem under given operational constraints. Within the study area, a set of
spatially distributed logistics demand points and candidate locations for drone take-off
and landing facilities is defined. The objective is to optimize the number, hierarchical
levels, and spatial configuration of facilities so as to construct a drone logistics network
that fully covers all demand points while minimizing total configuration cost, subject to
constraints on drone flight range and service coverage. To ensure comparability across
cities, drone technical parameters and service rules are uniformly specified, and facility
siting and network organization are treated as the main decision variables. Network cost
is defined as the combined investment in drone take-off and landing facility deployment
and logistics delivery operations, and average cost per facility is adopted as a comparative
indicator to mitigate the direct influence of city size on total cost while preserving the
pathways through which urban spatial structure affects drone logistics network cost.

Under this problem setting, several simplifying assumptions are adopted to reduce
computational complexity and emphasize spatial structural effects on the drone logistics
network. Drones are assumed to perform straight-line point-to-point delivery tasks, with
each flight serving a single order and payload characteristics remaining within drone
performance limits. Potential conflicts, queuing, and delivery delays are not considered,
and all candidate facility locations are assumed to be equipped with vertical take-off
and landing capabilities and necessary supporting infrastructure. In addition, to reflect
the spatial heterogeneity of urban last-mile logistics demand, drone take-off and landing
facilities are classified into three hierarchical levels, which differ in construction cost, service
capacity, and service range, thereby representing functional differentiation within the drone
logistics network.

(1) Model Notation and Parameter Definition

Based on the urban last-mile logistics demand distribution constructed in Section 2.4,
this subsection formulates a drone logistics network siting optimization model from the
perspective of multi-level drone take-off and landing facilities. For each city, the set of
demand points obtained in Section 2.4 is denoted as ], where each demand pointj € J is
associated with a demand quantity D;. Candidate take-off and landing facility locations
are generated according to predefined siting rules, forming a candidate facility set I. Each
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candidate location can be developed as a drone take-off and landing facility of different
hierarchical levels, denoted by the set K. The main symbols and parameters involved in the
model and their corresponding definitions are summarized in Table 3.

Table 3. Notation and definitions.

Symbol Definition

I Set of candidate take-off and landing facility locations

] Set of demand points

K Set of facility levels (k = 1,2,3)

D; Demand quantity at demand point j

djj Distance between facility i and demand point j

Fy Construction cost of a level-k facility

Qk Service capacity of a level-k facility

Ry Service radius of a level-k facility

Linax Maximum allowable flight range of a drone

A Unit transportation cost under loaded condition

H Unit transportation cost under unloaded condition

. Binary assignment variable; equals 1 if demand point j is
1 served by facility i, and 0 otherwise

Vi Binary location-level variable; equals 1 if a level-k facility is
1

opened at candidate location i, and 0 otherwise

To ensure the comparability of simulation results across cities, this study adopts unified
specifications for drone technical parameters and facility hierarchy rules. Parameter values
are drawn from commonly used settings in existing studies on drone logistics network
siting and last-mile delivery and are kept constant across all city samples, as summarized
in Table 4 [26,27].

Table 4. Model parameter settings.

Parameter Symbol Value Unit
Construclzzréii);tf ;)Cfii[il;e_()ff and F, Fi1 = 20%3(1055/20;0100,000, CNY/facility
Service i:ﬁgf:;’ f‘;fc :ﬁlt(ye"’ff and o) Q1 = 13,000, Q> = 6000, Q3 =2500  parcels/facility
Serv1ce1;erllc(1ilitrllsg offa Z?ll;f};off and Ry Ri=7,Ry=8 Ry=9 km
Maximum Eﬁ(;“éizfeﬂight range Lo 20 km
et conditon ! ¥ R/l
Unit transportation cost under ” 6 CNY/km

unloaded condition

(2) Objective function

The objective is to minimize the total economic cost C of the drone logistics network,

expressed as:
minC = Cy +Cy 4)

where Cr denotes the fixed construction cost and C, denotes the transportation operating
cost, respectively, expressed as:

Cr=)_) Evi (5)

iel keK
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Cy, = Z Z()\ + ,u)dl]D]xl] (6)
iclje]
To facilitate cross-city comparison, the average total cost per take-off and landing

facility ¢ is further defined as:
= C

C= ———— 7
Yicl YkeK Yik @)

(3) Constraints

1. Service coverage constraint: Each demand point j € | must be served by one and
only one drone take-off and landing facility, expressed as:

Y xij=1Vjie] 8)
i€l
2. Capacity constraint: The total demand served by each drone take-off and landing
facility i € I shall not exceed the service capacity Qy of its corresponding facility level k,
expressed as:

Y Djxij < Y Quyik, Vi€l )
jeJ kek
3. Service radius and flight range constraint: Each demand point j € ] must be located
within the service radius Ry of the drone take-off and landing facility i assigned to serve it,
and the one-way flight distance between the facility and the demand point shall not exceed
half of the maximum allowable flight range L, expressed as:

dixiy < ), Ry Vi€ L je] (10)
keK
Ri < 3Lmax Vk € K 1

4. Facility level uniqueness constraint: At each candidate location i € I, at most one
facility level can be selected for construction, expressed as:

Y yx<1Viel (12)
keK

5. Binary decision variable constraint: Decision variables x;; and yj are binary and
can only take values of 0 or 1, expressed as:

xj€{0,1},Vielje] (13)
Yik € {0,1},V1' €l keK (14)

2.4.3. Solution Algorithm: Simulated Annealing

Simulated annealing (SA) is an iterative heuristic optimization method that employs a
temperature parameter T to probabilistically accept inferior solutions, thereby balancing
global exploration and local refinement in complex combinatorial problems [28-30]. In
this study, SA is applied to solve the drone logistics network siting problem by iteratively
generating neighborhood solutions through operations such as opening or closing facilities,
adjusting facility levels, and replacing facility locations. Each trial solution is evaluated
using the objective function, with constraint violations related to service coverage, capacity,
or flight range discouraged via penalty terms [31]. As the temperature decreases, the search
process gradually shifts from stochastic exploration toward localized improvement, and
the algorithm terminates when further iterations yield no meaningful improvement. The
best solution obtained represents a near-optimal spatial configuration of drone take-off
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and landing facilities, providing stable cost estimates for subsequent cross-city analysis of
urban form effects.

To improve methodological transparency, the SA procedure is further described in
terms of its main search components. The algorithm starts from an initial feasible or
near-feasible facility configuration and generates neighborhood solutions through facility
opening or closing, facility-level adjustment, and candidate-location replacement. The same
search logic, parameter settings, and stopping rule are applied across all cities to ensure
cross-city comparability. In the parameter-setting stage, multiple combinations of initial
temperature and cooling coefficient were tested by jointly considering solution quality
and computational efficiency. Based on these experiments, Ty = 5 x 10° and a = 0.9995
were selected as the final parameter setting. Under this setting, the objective function
generally stabilized after approximately 2000 iterations, suggesting that this iteration scale
was sufficient for the algorithm to obtain a stable near-optimal solution.

Because SA is a heuristic algorithm, an additional multi-random-seed stability check
was conducted to examine whether the simulated cost results were sensitive to stochastic
search initialization. Six representative cities from the study dataset were rerun five times
using different SA random seeds while keeping the demand samples, model parameters,
and input data unchanged. The average coefficient of variation of unit cost was 3.14%,
with a maximum of 6.75%, and all runs achieved complete demand coverage. The number
of selected facilities showed slightly higher variation, reflecting the existence of multiple
near-equivalent spatial layouts under similar cost levels. Overall, these results indicate
that the SA-derived unit cost estimates are sufficiently stable for subsequent comparative
analysis of morphology—cost relationships across cities.

2.5. Construction of the Urban Spatial Form Indicator System

Urban morphology indicators provide quantitative descriptions of the spatial structure
and geometric characteristics of urban built-up areas, capturing differences in development
scale, spatial configuration, boundary complexity, and degrees of concentration [32,33]. In
the context of drone logistics networks, urban morphology is not merely a background
condition but a structural factor that may influence the spatial distribution of demand,
the effective utilization of service radii, and the organization of network coverage paths,
thereby shaping facility layout efficiency and overall cost performance. To support cross-
city comparisons and to quantify how variations in urban form contribute to differences in
drone logistics network costs under unified operational constraints, this study constructs
an urban morphology indicator system by synthesizing commonly adopted indicators from
landscape ecology, urban geography, and related empirical research. The resulting multidi-
mensional framework is organized along three core dimensions, namely scale and spatial
distribution, shape complexity, and concentration, and is designed to comprehensively
capture key spatial characteristics of urban built-up areas. The resulting multidimensional
framework is organized along three core dimensions, namely scale and spatial distribution,
shape complexity, and concentration, and is designed to comprehensively capture key
spatial characteristics of urban built-up areas. Detailed definitions of the selected indicators
and their calculation methods are provided in Table 5.
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Table 5. Urban morphology indicators.

Category Indicator Equation Description
Scale and _ Number of built-up patches, reflecting
spatial distribution Number of patches (NP) NP =n urban fragmentation.
. n Total built-up area, indicating overall
Built-up area (BA) BA = l_Z] A; devlz.lopment scale,g
Mean nearest-neighbor ; Average distance to the nearest
distance (MNN) MNN =134, neighboring patch, indicating spatial
i=1 clustering or dispersion.
Road length per unit area, reflecting
Road density (RD) RD = M road network development
regen and connectivity.
Ratio of total floor area to land area,
Floor area ratio (FAR) FAR = ZZ{ﬂ Fi indicating vertical
fand development intensity.
Edge length per unit area, indicating
Shape complexity Edge density (ED) ED = % boundary complexity
fotel and fragmentation.
Landscape shape index (LSI) LSI = - 5=— L;}‘zml Degree (;)fusilllta_lgg g:ee;gsl-l farity of
.. L. Ratio of major to minor axis length,
Elongation index (Elong) Elong = ﬁ indicatirig patch elongation.g
Area-weighted mean n P A, Area-weighted perimeter-area ratio,
perimeter—area ratio (AWMPAR) AWMPAR = izl Wi A wi = YA capturing boundary complexity.
Area-weighted mean fractal LA 2In(0.25F;) Area-weighted fractal dimension,
dimension (AWMPEFD) AWMPED — — In A; indicating morphological irregularity.
o ion of buil ied
Concentration Largest patch index (LPI) LPI = %ﬁﬁ") x 100% Proportlg: ’?he ll:r ;eL;ItJ ;;fjh?ccuple
Area-weighted mean patch Y, A2 Area-weighted average patch size,
size (AWMPS) AWMPS = }:1;1;1 A indicating spatial concentration.
AWMSI = Area-weighted shape index,

Area-weighted mean shape
index (AWMSI)

indicating overall shape irregularity of
built-up patches.

2.6. Driving Mechanism Analysis
2.6.1. Preliminary Association Analysis and OLS Benchmark

Before the nonlinear mechanism analysis, a preliminary association analysis is con-
ducted to explain the rationale and method of the results reported in Section 3.1. Pearson
correlation analysis is first used to evaluate the pairwise association between each candidate
urban morphology indicator and simulated unit cost. Because many morphology indicators
are conceptually related and may produce unstable estimates if entered simultaneously, VIF
diagnostics are then applied to identify and reduce multicollinearity. Indicators meeting
both statistical significance and multicollinearity criteria are retained for OLS regression.
The OLS model is used as a baseline because it provides an interpretable estimate of the
average linear relationship between urban morphology and drone logistics network costs,
thereby clarifying whether the selected indicators have explanatory value before more
flexible machine-learning models are introduced.

2.6.2. XGBoost-SHAP Analysis

Extreme Gradient Boosting (XGBoost) is an ensemble learning framework based on
gradient boosting that combines multiple regression trees to model complex nonlinear
relationships among variables [34,35]. Owing to its strong predictive performance and
robustness, XGBoost has been widely adopted in urban and transportation studies. In
this study, XGBoost is employed to model the relationship between urban morphology
indicators and the cost of drone logistics networks, with the aim of capturing nonlin-
ear effects and interaction patterns that are difficult to identify using conventional linear
models. To ensure a comprehensive comparison of modeling approaches, Ordinary Least
Squares (OLS), Support Vector Regression (SVR), Gradient Boosting Regression (GBR),
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Random Forest (RF), and XGBoost are evaluated under the same training and validation
settings. These models represent a progression from linear regression to increasingly flex-
ible nonlinear and ensemble-based methods. Model performance is assessed using the
coefficient of determination (R?) and root mean square error (RMSE) on the validation
dataset, and the best-performing model is subsequently interpreted using SHAP to iden-
tify feature importance, nonlinear threshold effects, and interaction relationships among
urban morphology indicators. In addition, SHAP consistency analysis is conducted as a
supplementary robustness check to assess the stability of the interpretability results.

To improve the interpretability of the XGBoost model, this study adopts SHAP
(Shapley Additive Explanations), an explainable machine-learning framework grounded in
Shapley value theory from cooperative game theory [36,37]. SHAP quantifies the marginal
contribution of each feature to the prediction outcome by assigning feature-specific contri-
bution values. The Shapley value for feature iii is defined as:

bi= ),

SCF{i}

SRR = ooy (vt = fotas)] 1)

where ¢i denotes the contribution of feature i, F represents the full set of features, and S
denotes any subset of features excluding i. Based on these values, SHAP constructs an
additive explanation model expressed as:

§(Z) = ¢ot ) ¢7; (16)

where ¢(z') is the interpretable representation of the model output, ¢0 is the baseline
prediction, and z/; is a binary indicator denoting the presence of feature j. By computing
SHAP values across all samples, this study systematically examines the relative importance,
directional effects, and nonlinear response patterns of urban morphology indicators, thereby
revealing the key driving mechanisms through which urban form influences the cost
performance of drone logistics networks.

2.6.3. K-Means Clustering Analysis

K-means clustering is an unsupervised classification method that partitions samples
into a predefined number of clusters by minimizing within-cluster variation and maxi-
mizing between-cluster differences, with the sum of squared errors (SSE) as the objective
function. Given a specified number of clusters K, the algorithm iteratively assigns observa-
tions to the nearest cluster centroid and updates centroids until convergence. In this study,
the number of clusters is determined by combining the elbow method with silhouette
analysis. The elbow method is used to examine the rate of decline in SSE across alternative
values of K, while silhouette coefficients are used to assess the degree of within-cluster
compactness and between-cluster separation. Considering these statistical criteria together
with the substantive interpretability of the resulting groups, the final clustering solution
is selected for subsequent analysis. Based on this solution, the study identifies typical
morphology—cost patterns across cities [34,38].

3. Results
3.1. Associations Between Drone Logistics Network Costs and Urban Morphology Indicators

After the simulated annealing procedure generated cost-minimizing facility config-
urations for the 101 cities, this section first examines the statistical association between
model-generated simulated unit cost and urban morphology indicators. The purpose of
this step is twofold: to identify which morphology variables are sufficiently informative for
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subsequent nonlinear modeling and to establish a transparent linear benchmark before ap-
plying machine-learning interpretation. Pearson correlation analysis was used to examine
pairwise relationships between candidate indicators and simulated unit cost, as illustrated
in Figure 4, while VIF diagnostics were used to reduce multicollinearity among explanatory
variables. Under the combined criteria of statistical significance (p < 0.05) and acceptable
multicollinearity (VIF < 5), six core indicators were retained: BA, LSI, LPI, ED, MNN,
and AWMSI. An OLS model based on these indicators achieved an R? of 0.756 (Table 6),
indicating that urban morphology explains a substantial share of inter-city variation in
simulated unit cost. This result supports the relevance of morphology as an explanatory
dimension within the adopted modeling framework and provides a clear baseline for the
nonlinear XGBoost-SHAP analysis that follows.
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Figure 4. Distribution of Pearson correlation coefficients among variables.
Table 6. OLS regression results.
Variable Coefficient Std. Error t Value p Value VIF
Intercept 4.2057 0.3930 10.71 <0.001 —
ED 0.0379 0.0141 2.70 0.008 3.79
BA (km?) 0.3288 0.0750 4.38 <0.001 2.90
LPI 0.0078 0.0035 2.24 0.027 2.39
AWMSI —0.1746 0.0464 —3.76 <0.001 212
LSI 0.1532 0.0217 7.05 <0.001 4.82
MNN (km) 26.20 12.50 2.09 0.040 1.27

3.2. Model Interpretability Analysis Based on XGBoost and SHAP

Table 7 compares the predictive performance of five models, including OLS, SVR,
Gradient Boosting Regression, Random Forest, and XGBoost. XGBoost achieves the best
overall performance (R? = 0.795; RMSE = 0.266), moderately outperforming the OLS
benchmark and Random Forest, while substantially exceeding the predictive accuracy of
SVR and Gradient Boosting. These results do not indicate a general superiority of nonlinear
models over the OLS benchmark. Rather, under the adopted evaluation setting, XGBoost
achieved the best validation performance among the compared models, with a moderate
improvement over OLS. Therefore, XGBoost was selected not only because of its predictive
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performance, but also because it provides a suitable basis for SHAP-based interpretation of
nonlinear associations and interaction patterns between urban morphology indicators and
simulated network cost.

Table 7. Performance comparison of the five models.

Metric  XGBoost ~ Gradient  Random SVR oLs
Boosting Forest

R? 0.795 0.533 0.725 0.476 0.756

(RMSE) 0.266 0.413 0.309 0.421 0.387

Figure 5 presents the SHAP-based importance ranking of urban morphology indicators
and their sample-level contribution patterns to cost prediction. The results show that LSI has
the highest mean absolute contribution, and observations with higher LSI values are more
often associated with positive contributions, suggesting that greater boundary complexity
of built-up areas is generally linked to higher drone logistics network configuration costs.
BA ranks second, exhibiting a pronounced asymmetric contribution pattern: contributions
are close to zero or negative at low values, whereas larger positive contributions emerge at
higher values, indicating that urban scale expansion raises costs more substantially in some
cities. By contrast, MNN and ED show weaker overall effects, with contributions clustered
around zero, while AWMSI and LPI have the smallest marginal contributions. Overall, cost
differences are primarily driven by the joint effects of built-up scale and shape complexity,
whereas other morphology factors play a more secondary role.
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Figure 5. SHAP feature importance bar plot and beeswarm plot.

Figure 6 further clarifies that the effects of morphology on the simulated unit cost
are nonlinear. LSI shows a distinct sensitivity interval: when LSI is approximately 5-15,
simulated unit costs rise rapidly as boundary irregularity increases, suggesting that drone
network layouts become especially sensitive when cities shift from relatively regular forms
toward more complex outlines. BA also presents a threshold-like pattern under the adopted
parameter setting. Below about 1000 km?, its marginal effect on cost is limited; above this
level, larger built-up areas tend to increase baseline facility requirements and operating
costs more clearly. ED further reflects the cost effect of fragmented or complex urban edges,
while MNN, AWMSI, and LPI contribute more weakly to overall differentiation. These
thresholds should be interpreted as model-based sensitivity ranges rather than universal
real-world thresholds.

To further examine interaction patterns among key urban morphology indicators,
three variable pairs were analyzed, namely LSI-BA, LSI-LPI, and LPI-BA, as shown in
Figure 7. The results indicate that the effect of LSI on drone logistics network costs exhibits
a clear piecewise pattern. At lower values, LSl is associated with negative or suppressive
contributions to cost, and this negative contribution gradually attenuates toward zero as
LSI increases. When LSI exceeds approximately 10, its contribution turns markedly positive
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and costs increase accordingly. Comparisons across cities of different scales further show
that this positive effect is more pronounced in cities with larger BA, whereas it is relatively
moderate in smaller cities, suggesting a stable synergistic relationship between LSI and BA.
Consistently, from the perspective of BA, larger built-up areas are associated with higher
costs, and this positive contribution is further amplified when LSI is high. By contrast,
interactions involving LPI do not display stable or distinct patterns, implying a limited
moderating role. Overall, the most robust and consistent interaction identified in this study
occurs between LSI and BA, while LPI behaves more as a weak moderator.
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Figure 6. SHAP dependence plots for the core urban morphology indicators.
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Figure 7. SHAP interaction dependence plots for key urban morphology indicators. (a) Dependence
of SHAP values on LSI, with point colors representing LPI. (b) Dependence of SHAP values on
LSI, with point colors representing BA. (c) Dependence of SHAP values on BA, with point colors
representing LSI. (d) Dependence of SHAP values on LPI, with point colors representing BA.

3.3. K-Means Clustering of Three Urban Morphology Types

To comprehensively characterize overall differences among cities in terms of urban
morphology and drone logistics network costs, this study applies K-means clustering to
the sample cities using the selected core morphology indicators together with unit facility
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costs as clustering inputs. All variables are standardized prior to clustering to ensure
comparability. To determine an appropriate number of clusters, the elbow method and
silhouette analysis are used in combination. Specifically, K-means is conducted for a range
of candidate values of k, and the corresponding within-cluster sums of squared errors
(SSE) and average silhouette coefficients are calculated. As shown in Figure 8, the SSE
decreases substantially as the number of clusters increases from one to three, whereas
the rate of decline becomes noticeably smaller when k exceeds three, indicating a clear
elbow point near k = 3. Meanwhile, the average silhouette coefficient at k = 3 is higher than
those obtained for k = 2 and k = 4, suggesting a favorable balance between within-cluster
compactness and between-cluster separation. Considering these statistical criteria together
with the interpretability of the resulting typology, k = 3 is selected as the final clustering
solution. Accordingly, the sample cities are classified into three distinct morphology—
cost types, providing a basis for subsequent characterization of cluster features and the
derivation of typology-oriented planning implications.
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Figure 8. Elbow method and silhouette analysis for selecting the optimal number of clusters
(k = 3). (a) Elbow plot showing the within-cluster sum of squared errors (SSE) for different num-

bers of clusters. (b) Silhouette analysis showing the average silhouette score for different numbers
of clusters.

The clustering results indicate that the three groups of cities exhibit pronounced
differentiation in terms of built-up area scale, morphological complexity, and drone logistics
network cost levels, as illustrated in Figure 9 and summarized in Table 8. Cluster 0 is defined
as the compact and complex city type, featuring the largest built-up area and the highest
level of morphological complexity, and corresponding to the highest unit network costs.
Cluster 1 is identified as the dispersed and fragmented city type, characterized by relatively
fragmented and spatially dispersed built-up patterns, with network costs generally at an
intermediate level but with substantial internal heterogeneity. Cluster 2 is classified as the
compact and regular city type, distinguished by highly concentrated built-up areas and

relatively regular spatial forms, and associated with the lowest unit network costs among
the three clusters.

Table 8. Characteristics of urban morphology types identified by K-means clustering.

Cluster ED BA (km?)  LPI (%) AWMSI LSI MNN (km)
0 13.02 1659.48 76.71 5.65 11.76 4.65
1 18.69 464.23 64.52 4.24 9.37 6.04
2 8.84 706.77 90.75 3.46 498 8.83
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Figure 9. Network costs and urban morphology indicator radar plots for different city types. (a) Radar
plots of six urban morphology indicators for the three city types. (b) Boxplots of average distribution

cost per unit for the three city types.

3.3.1. Compact and Complex City Type

Cities classified as the compact and complex type exhibit a combination of large

built-up scale, relatively close inter-patch spacing, and high morphological complexity.
As shown in Table 8, this group has the largest average BA (1659.48 km?), the highest
mean LSI (11.76), the highest AWMSI (5.65), and the lowest MNN (4.65 km). These
characteristics indicate that this type is not simply spatially dispersed but rather consists

of large and relatively contiguous built-up areas with complex boundaries and irregular

shapes. Under the adopted simulation setting, the combination of large urban extent and

high boundary complexity may increase coverage requirements and facility deployment

intensity, especially in peripheral or irregularly shaped areas. As illustrated in Figure 10,

such morphology may require additional facilities to maintain service coverage, thereby
contributing to higher simulated construction and operating costs.
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Figure 10. Spatial distribution of take—off and landing facility network efficiency for representative

compact and complex cities.
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3.3.2. Dispersed and Fragmented City Type

Cities classified as the dispersed and fragmented type are characterized by relatively
small-to-moderate built-up scale, high edge fragmentation, and intermediate morphological
complexity, as summarized in Table 8. This group has the highest ED value (18.69), the
lowest LPI value (64.52%), and a relatively high LSI value (9.37), indicating that its built-up
areas are more fragmented and less dominated by a single continuous patch. However,
its mean MNN value is 6.04 km, which is higher than that of the compact and complex
type but lower than that of the compact and regular type. Therefore, the dispersed and
fragmented character of this group is mainly reflected in high edge density, lower spatial
concentration, and relatively complex built-up boundaries, rather than in the largest inter-
patch distance. Under the adopted simulation setting, such spatial fragmentation may
increase the need for cross-patch coverage and localized facility allocation. Nevertheless,
the relatively independent distribution of built-up clusters also allows drone logistics
networks to adopt a zone-based coverage strategy, as illustrated in Figure 11. This localized
organization may help reduce excessive concentration around a single core area. As a result,
the simulated drone logistics network cost level of this city type generally lies between
those of the compact and complex type and the compact and regular type.
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Figure 11. Spatial distribution of take—off and landing facility network efficiency for representative
dispersed and fragmented cities.

3.3.3. Compact and Regular City Type

Cities in this category exhibit a spatial pattern characterized by moderate scale, high
concentration, and regular morphology (Table 8). This type is distinguished by an excep-
tionally high LPI (mean = 90.75%) and the lowest LSI among all clusters (mean = 4.98),
indicating a highly concentrated and geometrically regular urban form. Such spatial char-
acteristics provide favorable operating conditions for drone logistics networks, as most
delivery demands can be served within relatively short flight distances. Consequently,
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take-off and landing facilities can be organized into a compact and hierarchical network
configuration (Figure 12). The median unit facility cost for this city type is 5738 CNY per
site, substantially lower than that of the other clusters and approximately 14.1% lower than
that of the compact and complex city type (Figure 9), highlighting the cost advantages
associated with compact and regular urban morphology.
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Figure 12. Spatial distribution of take-off and landing facility network efficiency for representative
compact and regular cities.

Overall, the cost efficiency of drone logistics networks exhibits a clear stratification
across different urban morphology types. Cities with compact and regular spatial struc-
tures tend to reduce delivery path lengths and coverage redundancy, thereby enhancing
system efficiency. In contrast, cities with more complex or fragmented spatial patterns
generally face higher overall costs due to increased difficulties in route organization and
resource coordination. These findings indicate that urban morphology not only shapes
the organization of built-up areas but also constrains the economic performance of drone
logistics systems by influencing network layout and operational mechanisms, underscoring
its importance in drone logistics network planning and facility location optimization.

4. Discussion
4.1. Mechanism: Synergistic Amplification and Nonlinear Threshold Effects

From an urban spatial-structure perspective, this study provides a simulation-based
explanation of how urban morphology may influence the configuration and cost char-
acteristics of drone logistics networks under a unified set of operational assumptions.
Unlike much of the existing drone logistics literature, which focuses primarily on facility
location and dispatch optimization while representing cities as simplified demand points
and candidate sites, this study explicitly incorporates city-scale morphological structure
into a comparative modeling framework. The results suggest that cross-city differences
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in the simulated unit cost of drone logistics networks are associated not only with op-
erational parameter settings, but also with morphology-related differences in coverage
efficiency, facility hierarchy, and facility utilization. In particular, the analysis identifies
a pronounced interaction between landscape shape index (LSI) and built-up area (BA).
Under the assumptions adopted in this study, cities characterized by both large spatial
extent and high boundary irregularity tend to exhibit higher simulated network costs.
This pattern is broadly consistent with previous studies showing that urban sprawl and
fragmentation are associated with increased transportation and infrastructure costs [35,39].
Within the present simulation framework, this relationship appears to operate through
lower geometric coverage efficiency and a greater number of peripheral facilities required
to satisfy service-radius and range constraints. Irregular built-up boundaries may reduce
the efficiency of regular coverage patterns, leading the optimization model to allocate
additional facilities in edge areas that serve relatively limited demand and exhibit lower
average utilization, thereby increasing both fixed construction costs and modeled operat-
ing costs. The results also indicate that the influence of LSI is distinctly nonlinear, with
stronger marginal effects observed when LSI is approximately between 5 and 15. Within
the sample, this interval corresponds to a transition from relatively regular urban forms
to more complex and fragmented spatial structures. Under the modeling assumptions,
incremental increases in boundary complexity within this range are associated with dispro-
portionately larger increases in simulated network cost. This finding is consistent with prior
research suggesting that morphological transitions may coincide with nonlinear changes
in infrastructure performance. Overall, the results suggest that the relationship between
urban morphology and the simulated cost of drone logistics networks is nonlinear and
context-dependent, and that linear models alone may not fully capture these patterns.

4.2. Spatial Adaptation: Layout Paradigms and Planning Strategies Under Typological Differences

The three morphology—cost types identified by clustering suggest that, within the
simulation framework of this study, there is no universally optimal configuration of drone
logistics networks across cities; instead, network organization may need to be adapted
to the endogenous characteristics of urban morphology. This typology-based diagnosis—
differentiated strategy logic is consistent with typological planning approaches commonly
adopted in urban studies and provides a more operational decision framework for low-
altitude logistics infrastructure planning [40]. For the compact and regular city type, highly
concentrated built-up areas with relatively regular boundaries imply lower coverage redun-
dancy and a more tractable hierarchical organization of facilities, resulting in substantially
lower unit costs. This finding aligns with prior evidence that compact development or
regular spatial form can improve transport or facility efficiency [41]. It also extends these
insights to the drone logistics context, highlighting that the advantage primarily stems
from more stable service-radius organization and reduced need for redundant peripheral
facilities. For the compact and complex city type, the combination of large scale and high
complexity is more likely to trigger synergistic amplification effects; optimizing internal
network efficiency alone is often insufficient to offset the fixed-cost increases imposed
by morphological constraints. Accordingly, planning priorities should not be limited to
densifying nodes or fine-tuning facility placement within the drone network. Instead, a
multimodal delivery system that integrates ground logistics with drones should be intro-
duced, leveraging functional division to mitigate redundancy and low utilization under
highly complex morphologies. This strategy is consistent with research on truck—drone
cooperation and multimodal last-mile systems for improving overall efficiency and eco-
nomic performance [42,43]. For logistics enterprises, this also suggests that such cities may
be less suitable for immediate citywide rollout and more suitable for phased deployment
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focused on priority service zones and high-demand corridors [44]. For the dispersed and
fragmented city type, where built-up areas exhibit clustered and polycentric structures,
a “cluster-based, polycentric” layout paradigm is more suitable. By organizing several
relatively independent subnetworks, local coverage efficiency can be improved and overall
cost growth can be kept manageable. This interpretation is logically consistent with theories
in transport geography suggesting that spatial fragmentation increases route-organization
complexity and system redundancy. For logistics enterprises, this further implies that
scenario-based deployment around relatively independent demand clusters may be more
realistic than uniform citywide expansion. It also indicates that without morphology-
informed spatial adaptation at the macro level, relying solely on micro-level algorithmic
optimization may be insufficient to fully offset systematic cost disadvantages rooted in
spatial structure.

4.3. Theoretical Implications and Study Limitations

From a theoretical perspective, this study complements drone logistics research that
has largely focused on micro-level dispatch and routing optimization by emphasizing the
role of city-scale two-dimensional morphology in shaping simulated cost differences. Con-
ceptually, the findings extend transportation geography and facility-location discussions
by formalizing two related ideas: morphology-driven facility redundancy and threshold-
like cost response. The first refers to the additional facilities required when irregular or
fragmented built-up patterns reduce the effective use of service radii; the second refers
to the tendency for cost responses to intensify once spatial scale or boundary complexity
enters specific sensitivity ranges under given operational assumptions. In this sense, the
study provides a mechanism-oriented simulation framework for considering urban form
in low-altitude logistics planning.

This study also has several limitations. First, the analysis is primarily based on
two-dimensional planar morphology indicators and therefore does not fully capture verti-
cal urban form, building-height variation, low-altitude obstacle density, or the energy costs
associated with climbing, descending, and detouring around high-rise structures. Second,
the facility-location model assumes straight-line point-to-point drone movement and does
not explicitly incorporate no-fly zones, regulated corridors, weather disruptions, conges-
tion in low-altitude airspace, queuing, or operational delays. Relaxing these assumptions
would likely increase route length, energy consumption, and infrastructure requirements,
especially in dense or highly regulated urban areas. Third, the study uses unified drone
parameters, service radii, facility capacities, and cost coefficients across all 101 cities to
ensure comparability; consequently, the results are most suitable for relative cross-city com-
parison rather than precise prediction of city-specific operating costs. Fourth, population
density is used as the main demand proxy and does not fully reflect employment density,
commercial activity, income structure, land-use mix, e-commerce intensity, or temporal
demand variation. Future research should incorporate three-dimensional morphology,
calibrated operational data, richer demand proxies, no-fly-zone and corridor constraints,
and scenario-based sensitivity tests to improve real-world applicability.

5. Conclusions

This study investigates 101 major Chinese cities and conducts scenario-based simu-
lations of cost-minimizing take-off and landing facility networks under unified technical
parameters and operational constraints. The sample was selected from China’s national
large-city system because these cities represent the principal settings in which low-altitude
logistics infrastructure is likely to face substantial demand, spatial coverage pressure, and
planning complexity. By comparing these cities under consistent assumptions, the study
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identifies morphology-sensitive patterns in simulated drone logistics network costs and
provides a relative comparative basis for planning discussion.

The main findings are as follows. First, urban morphology significantly differen-
tiates simulated drone logistics network costs across cities. LSI and BA provide the
strongest explanatory power, indicating that boundary complexity and built-up scale are the
two most important morphology factors under the adopted model setting. Second, mor-
phology effects are nonlinear. Costs rise especially rapidly when BA exceeds about
1000 km? and when LSI lies within the sensitive range of about 5-15, while the inter-
action between BA and LSI further amplifies cost pressure in large and irregular cities.
These values should be interpreted as threshold-like sensitivity ranges within the sim-
ulation, not as universal operational thresholds. Third, the clustering results identify
three representative morphology-cost types: compact and complex, dispersed and frag-
mented, and compact and regular. These types differ in facility deployment logic and
cost levels, suggesting that low-altitude logistics infrastructure planning should consider
city-type characteristics rather than applying a uniform layout template. The study also
has limitations. It mainly uses two-dimensional morphology indicators, population density
as a simplified demand proxy, straight-line flight assumptions, and unified operational
parameters; therefore, the results should be interpreted as relative comparative indica-
tors rather than direct forecasts of actual operating costs. Future research should incor-
porate three-dimensional urban morphology, calibrated demand and operational data,
explicit airspace constraints, and richer sensitivity analyses to improve applicability for
city-level implementation.
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