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Abstract

The rise of the low-altitude economy and advances in intelligent technologies have accelerated innovation
in last-mile logistics, where Vehicle-Drone Collaborative Delivery (VDCD) has become a promising solution. We
systematically review 3,300+ publications and apply VOSviewer-based bibliometric analysis to synthesize research
on VDCD. A four-part analytical framework is developed, covering collaboration modes, optimization objectives,
problem models, and solution algorithms. The results identify four paradigms of collaboration: synchronous vehicle-
drone delivery, parallel delivery, vehicle-supported drone delivery, and drone-supported vehicle delivery. Research
objectives have evolved from single goals such as minimizing cost or time toward multidimensional objectives,
including service coverage, customer satisfaction, and carbon reduction. Three evolutionary paths in problem
modeling are observed-basic formulations, constraint-extended models, and joint optimization models-reflecting
growing complexity and cross-layer integration. Algorithmic approaches fall into three main streams: exact methods,
heuristics, and metaheuristics, with emerging trends in hybridization, distributed mechanisms, and adaptive
strategies. Finally, this paper outlines potential directions for optimizing VDCD systems through technological
innovation, policy support, and scenario-specific design, providing valuable insights for future research and practical
implementation.
Keywords: Vehicle-Drone Collaborative Delivery; Path Planning; Multi-Agent Systems; Logistics Optimization;

Intelligent Logistics
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Introduction

The global logistics system is facing unprecedented efficiency bottlenecks and transformation pressures.
According to the World Bank, logistics costs account for more than 12% of global GDP, with last-mile delivery costs
representing 28-35%. This has become a major constraint on overall supply chain efficiency (Park et al., 2023).
The traditional delivery model dominated by fuel-powered vehicles faces multiple challenges. Geographic
constraints reduce accessibility in remote areas and disaster response scenarios (Dorling et al., 2017). Meanwhile,
the rapid growth of e-commerce has led to a surge in parcel volumes. This increase has further raised the frequency
of urban delivery vehicle operations, intensifying both traffic congestion and emissions. Urban logistics vehicles
alone contribute about 30% of traffic congestion and 18% of greenhouse gas emissions (Joselow, 2020).

In recent years, with breakthroughs in drone technology and the expansion of application scenarios,
research on drone-based logistics delivery has developed rapidly. In 2013, Amazon first announced its drone
delivery project and declared that it would enter the stage of practical application by 2017 (Rose, 2013). Soon after
Google’s GoogleX laboratory launched its Project Wing in 2014 (Stewart, 2014). That same year, the German
company DHL successfully tested a drone delivering medicine to a small island inaccessible by truck (Bryan, 2014).
However, as applications deepened, the limitations of drones such as low payload capacity and limited endurance
became evident. To date, companies including Google, Amazon, DHL, and SF Express have employed drones in
delivery operations. Most operate at speeds of 48—-64 km/h, with ranges of 16—48 km, and a payload capacity of
five kg (Heath, 2015). As a result, when logistics demand and delivery radius expand significantly, the capacity and
range constraints of drone systems lead to rising marginal costs and diminishing utility, thus presenting a clear
feature of diseconomies of scale.

In summary, VDCD has emerged as a promising paradigm to overcome the efficiency bottlenecks of last-
mile logistics, leveraging the complementary strengths of aerial and ground transportation. While existing research
has made substantial progress in model design, algorithm development, and scenario exploration, a systematic
and integrative perspective is still needed to clarify the evolution path, optimization logic, and future research
directions of VDCD. It should be noted that this review did not consider airspace regulation papers outside logistics
journals, which may limit the breadth of policy-related insights. To address this gap, this paper provides a
comprehensive review and structured analysis. The explicit contributions of this study are as follows:

Comprehensive Framework: We analyze 3,300+ publications and use VOS viewer-based bibliometric to
build an integrated framework that links collaborative modes, optimization objectives, problem models, and solution
algorithms.

Refined Mode Classification: We categorize VDCD into four representative paradigms and analyze their
mechanisms, applications, and performance trade-offs.

Modeling and Optimization Insights: The evolution from basic to constraint-extended and joint optimization
models, highlighting the shift from spatial flexibility to cross-layer resource integration, and summarize multi-

objective optimization approaches beyond time and cost.
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Literature Review

Sources of Literature

This study searched in the Web of Science Core Collection, including the SCI-EXPANDED and SSCI
databases. The search was performed using the topic terms ‘UAV” AND “Optimization” AND “vehicle-UAV”. After
a strict screening process, conference papers, review articles, and retracted publications were excluded. A total of
more than 3,300 journal articles published between 2015 and the first half of 2025 were identified as relevant to

the research topic. The results are shown in Figure 1
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Figure 1 Annual number of published papers

The journal sources mainly include Transportation Research Record, Transportation Research Part
A/B/C/D/E, IEEE Transactions on Intelligent Transportation Systems, Transportation Science, IEEE Transactions
on Wireless Communications, and IET Intelligent Transport Systems. The research fields cover multiple areas,
such as Engineering, Telecommunications, Computer Science, Transportation, Remote Sensing, and Instruments
and Instrumentation.

This study employs VOSviewer to conduct bibliometric analysis. The software is based on co-occurrence
networks and clustering techniques, which automatically extract and normalize keywords from the literature. It then
generates clustering maps according to co-occurrence strength, thereby objectively revealing the structural patterns
of research topics. In this analysis, only author-provided keywords were included. The minimum occurrence
threshold was set to nine. Out of 8,040 keywords, 287 met this criterion. The top fifteen keywords were autonomous
aerial vehicles, optimization, unmanned aerial vehicles, resource management, trajectory optimization, task
analysis, wireless communication, internet of things, resource allocation, energy consumption, path planning, energy

efficiency, NOMA, trajectory design, and relays. The results are shown in Figure 2 and Figure 3
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Figure 2 Keyword co-occurrence network

Number of keyword occurrences

relays S——— 120
trajectory design IEEEEEEGG——— 128
noma I 125
energy efficiency TG 153
path planning I 156
energy consumption S ——————— 175
resource allocation  EEEEEEEE————— 194
internet of things S —————— 216

wireless communication 234

task analysis 234
trajectory optimization 238

resource management 346

unmanned aerial vehicles 353

optimization 547

autonomous aerial vehicles 656

Figure 3 Top fifteen most frequently used keywords

As shown in Figures 2 and 3, the clusters centered on the thematic keyword vehicle-drone collaboration
mainly include terms such as optimization, task analysis, resource allocation, and path planning. This indicates that
these keywords represent the core research focuses in this field.

Problem Modeling

Vehicle-drone combined delivery can adopt multiple modes. Both vehicles and drones can participate in
deliveries, or one may perform delivery while the other provides support. Based on the different roles of vehicles

and drones in the collaborative delivery process, this study, following Otto et al. (2018) and Rojas et al. (2021),
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categorizes the problem into four types: synchronous delivery by drones and vehicles, parallel delivery by vehicles
and drones, vehicle-supported drone delivery, and drone-supported vehicle delivery.

synchronous delivery by drones and vehicles

na
4
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Customer Warehouse Vehicle Route Drone Path
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Figure. 4 Diagram of synchronized drone and vehicle delivery operation mode

The vehicle—drone collaborative delivery model is illustrated in Figure 4. In this mode, the vehicle and
drones serve their respective customer nodes, with the vehicle carrying one or more drones. Research in this area
focuses on the coordinated optimization of vehicle and drone path planning and task execution. The aim is to
address drone endurance limitations, spatiotemporal synchronization requirements, and road constraints, while
optimizing multiple objectives such as cost, time efficiency, energy consumption, and service coverage. Typically,
the vehicle serves as a mobile platform or resupply point for drones. Modeling studies consider scenarios of varying
complexity. In basic scenarios, vehicles follow predefined routes while drones take off from the vehicle to serve
one or multiple customers before returning. The vehicle must wait at designated times and locations for drone
rendezvous. To improve efficiency and coverage, models have evolved. Teimoury et al. (2024) introduced non-
customer rendezvous locations, allowing vehicles to meet drones at points other than customer nodes, greatly
increasing path planning flexibility. The mobile resupply mode was proposed to overcome fixed stop limitations.
While the vehicle moves along roads, drones can take off, land, and receive battery or cargo replenishment,
significantly extending service range and continuity (Maini et al.,, 2019; Gu et al., 2023). Energy management
strategies have also been incorporated. Yurek et al. (2021) explored dynamic charging as an alternative to battery
replacement to better reflect practical scenarios and reduce downtime. In complex scenarios, multi-objective delivery
is considered. Teimoury et al. (2024) allowed drones to visit multiple customers in a single flight. Gu et al. (2023)
addressed dynamic demand, requiring models to efficiently update paths in response to real-time delivery requests.

Research has thoroughly demonstrated the significant advantages of the synchronous delivery mode in
improving last-mile logistics efficiency. The core of this mode lies in leveraging the collaborative effects at the last-

mile stage. Drones can efficiently handle small-batch, multi-trip, and geographically dispersed delivery tasks,
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effectively compensating for the limitations of ground vehicles in complex road conditions, remote areas, and
emergency demand scenarios. Vehicles, in turn, manage mainline transportation and bulk deliveries, achieving
complementary use of aerial and ground resources. Integrating drones into the delivery system can reduce last-
mile delivery time, minimize vehicle idling and waiting, and enhance system flexibility and robustness while
maintaining overall operational stability. An empirical study by Gu et al. (2023) shows that using a single-vehicle,
single-drone mobile base station in dynamic scenarios can increase service efficiency by 50% and raise operational
profit by 15%, further confirming the feasibility and value of this collaborative delivery mode.

parallel delivery by vehicles and drones
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Figure. 5 Diagram of vehicle and drone parallel delivery operation mode

Parallel delivery by vehicles and drones refers to a mode in which both participate in the same delivery
task but operate as independent transport units, performing their respective tasks without interference. The
operational scheme is illustrated in Figure 5. In this mode, drones depart directly from the distribution center and
return, serving nearby customers in a point-to-point manner. Vehicles, on the other hand, carry the entire load at
once and deliver to customers in more distant areas. In parallel delivery, drones only pick up items and recharge
at the distribution center. There is no need for temporal or spatial coordination with vehicles, which is why this
mode is referred to as parallel delivery. This mode demonstrates significant value across diverse scenarios.
Edirimanne et al. (2024) used pizza delivery in Sri Lanka as an empirical setting, developing a capacity-constrained
VRP drone model. Their results show that this approach outperforms traditional motorcycles and optimized
motorcycle systems in terms of travel distance, time, cost, and emissions. For special-demand scenarios, Ramos
et al. (2023) focused on dynamic, real-time drug delivery from rural pharmacies in Portugal. They systematically
modeled a vehicle—-drone collaborative mechanism under dual constraints of real-time order arrivals and strict
delivery deadlines. To enhance system robustness, Wang et al. (2021) proposed a multimodal integrated
architecture that coordinates truck fleets, mobile drones carried by trucks, and fixed stations multiple traveling
salesman problem and location allocation problem model (mTSP-LAP), achieving efficient linkage among

heterogeneous nodes. Facing large-scale logistics challenges, Shi et al. (2025) developed a multi-vehicle, multi-
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drone collaborative framework to address the coupled constraints of drone endurance, payload, and truck load
capacity, significantly reducing system energy consumption. Kloster et al. (2023) incorporated fixed drone stations
into the multi traveling salesman problem (mTSP), coordinating vehicle routing and drone task scheduling to reduce
delivery time while optimizing energy usage. Nguyen et al. (2022) proposed a parallel delivery model Parallel Drone
Scheduling Vehicle Routing Problem (PDSVRP) with the core objective of minimizing total operational cost, aiming
to improve multiple performance dimensions.

Parallel delivery by vehicles and drones can fully leverage the flexibility of drones and the long endurance
and high payload capacity of vehicles. This enables adaptation to multiple scenarios while improving system
robustness and wide-area coverage. However, the mode is constrained by drone endurance and payload limits, as
well as additional operational costs related to matching vehicle and drone resources and the layout of stations.

vehicle-supported drone delivery
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Figure 6 Vehicle secured drone delivery operation model diagram

The vehicle supported drone delivery mode is illustrated in Figure 6. In this mode, drones execute the
delivery tasks while vehicles serve as supporting platforms. This mode can be implemented through multiple
approaches. Vehicles may act as mobile transport platforms, carrying drones to the task area before drones
complete all deliveries (Mathew et al., 2015). They can also function as mobile energy supply stations, significantly
extending drone operation time through dynamic charging (Ropero et al., 2019) or vehicle—drone bidirectional
energy-sharing mechanisms (Zhu et al., 2024). Vehicles can further integrate with public transportation networks
to form multi-level relay hubs. For example, drones may ride on buses to reach remote transfer stations and then
complete last-mile delivery using charging stations for battery replacement (Huang et al., 2022). In high-density
last-mile delivery scenarios, vehicles may be upgraded to multifunctional mobile bases, serving as cargo storage,
take-off/landing platforms, and charging stations to support multiple rounds of drone pick-up and delivery (Mulumba
et al., 2024).Meng et al. (2023) proposed the DAPDP model, which overcomes the traditional single-visit limitation
by simultaneously integrating multi-visit services, bidirectional pick-up and delivery demand, truck capacity

constraints, and load-dependent energy optimization.
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At the energy coordination level, Zhu et al. (2024) advanced from basic charging to dynamic energy
transfer, optimizing energy utilization efficiency. In terms of coverage, Huang et al. (2022) expanded the service
network using public transportation, reducing dependence on infrastructure in remote areas. Regarding operational
capability, Meng et al. (2023) integrated multi-visit and synchronized pick-up and delivery requirements, enhancing
practical applicability in commercial scenarios. As a result, vehicles transform from single-purpose transport units
into core hubs for spatiotemporal coordination and resource sharing. They provide systematic support for drones
in long-distance delivery, wide-area continuous operations, and high-density last-mile deliveries, fundamentally
extending the operational boundaries and economic feasibility of drone deployment.

drone-supported vehicle delivery.

Customer Warehouse Vehicle Route Drone Path wehicle
Requirements

Figure 7 Drone-guaranteed vehicle delivery operation mode diagram

The drone-supported vehicle delivery mode is illustrated in Figure 7. In this mode, vehicles lead the delivery
tasks while drones serve as auxiliary tools for cargo replenishment. This mode demonstrates paradigm innovation
in key scenarios. In logistics operations, Dayarian et al. (2020) defined it under the comprehensive formulation of
the Vehicle Routing Problem with Drone Replenishment (VRPDR). Drones continuously pick up goods from the
distribution center to provide real-time replenishment for vehicles enroute, enabling vehicles to exceed their initial
load capacity and complete more deliveries within strict time windows. In urban management, Xu et al. (2023)
proposed the Vehicle—Drone Collaborative Arc Routing Problem (GVD-ARP) to meet traffic patrol requirements. By
leveraging drones to extend monitoring coverage while overcoming endurance constraints, this approach reduces
labor costs and improves response speed to emergencies. In emergency scenarios, Gao et al. (2020) developed
a spatiotemporal synchronized network integrating drones and mobile charging stations, formally termed the Vehicle
Routing Problem with Spatiotemporal Synchronization Network (VRPSN). Coordinated path planning between
drones and charging vehicles enhances both equipment utilization and response efficiency in post-disaster search
and rescue operations.

The core advancement of such models lies in the flexible scheduling of low-altitude resources. This
approach addresses inherent challenges in vehicle delivery, including cargo stock limitations, response delays, and
task continuity, ultimately achieving systematic improvements in logistics efficiency, service coverage, and

emergency response capability.
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Optimization Objectives

The optimization objectives in vehicle—drone collaborative delivery mainly focus on two dimensions: time
and cost. Some studies also consider additional factors such as delivery distance, customer satisfaction, and the
number of drones.

In terms of time-related optimization objectives, although different studies adopt varying models and
constraints, the most common goal remains minimizing total delivery time or the time required to complete delivery
tasks. For example, Raj et al. (2020) minimized delivery time by dynamically adjusting drone flight speed. Luo et
al. (2021) overcame the limitation of single-flight, single-package delivery and set total task time minimization as
the optimization objective. Daknama et al. (2017) focused on minimizing the average delivery time per package.
Luo et al. (2017) aimed to minimize drone flight time, while Kitjacharoenchai et al. (2019) sought to reduce the total
time for all vehicles to complete tasks and return to the distribution center. A detailed analysis is as follows:

(1) Minimization of Total Delivery Time

The objective function is to minimize the total delivery and waiting time of all vehicles and drones in

the system, as shown in Equation (1):

Tsum = min z tij'xij+zsi+ Z tij " Vij €]

i,JEN iEN i,JEN

Xjjrepresents the delivery time from point [ to ] Xij and Y;; are binary decision variables (X;; represents the
drone path, and Y;; represents the vehicle path); Si denotes the waiting time at node [ , calculated as Si = |TLC —
‘L'P| (the time difference between vehicle and drone arrivals).

(2) Minimization of Completion Time
The objective function is to minimize the final time for vehicles and drones to complete all delivery
tasks and return to the depot. When drones can return to the depot, the maximum of vehicle and drone return
times is taken, as shown in Equation (2). When drones cannot return to the depot, the maximum of the vehicle

return time and the retrieval time of the last drone is taken, as shown in Equation (3):

— : C D
Tfinish =min {max{Tn+1' Tn+1}} (2)
_ . C recovery
Tfinish = min {max {Tn+1. max v }} (3)

Besides time, cost minimization is also an important optimization objective. Depending on the components
of cost, different studies model cost minimization in various ways. For example, Mulumba et al. (2024) studied
drone-assisted pick-up and delivery problems with the goal of reducing logistics costs. Sacramento et al. (2015)
demonstrated that a mobile base station mode could reduce logistics costs by up to 48% under optimal conditions.
Boccia et al. (2024), focusing on improving customer satisfaction, set operational cost minimization as the

optimization objective. However, cost modeling is complex and often influenced by multiple variables. This is

41
The current issue and full text archive of this journal is available on Supply Chain and Sustainability

Research at: https://so08.tci-thaijo.org/index.php/SCSR/index



SUPPLY CHAIN AND SUSTAINABILITY RESEARCH: SCSR

VOL.4, NO.2; JUL. — DEC. ; 2025, ISSN 2822-0412 (Online)

particularly evident when nonlinear cost factors, such as fuel consumption, are involved. In practice, it is also difficult
to comprehensively identify and quantify all cost components. A detailed analysis is as follows:
(3) Minimization of Variable Cost
The objective function is to minimize the operating cost associated with the delivery routes, as

shown in Equation (4):

Cvarzmin Z cl](xl]+yu)+chSl (4’)

L,jEN iEN

Cij represents the unit distance/time cost for path(i,j), andC,,, represents the unit cost of
waiting time.
(4) Minimization of Fixed Cost

The objective function is to minimize the resource activation cost, as shown in Equation (5):

Crix = min{z fr " 6k + Z fw 'Vw} (5)
kek wEW

6k' Yw are binary variables (equal to 1 when drone Kk or vehicle W is used), fkrfw
represent the fixed activation costs of the corresponding resources.

In addition, some studies have proposed other optimization directions, such as minimizing the
total travel distance (Halil et al., 2015; Kim, 2018), minimizing the number of vehicles required (Han et
al., 2020), maximizing the number of served customers (Ulmer et al.,, 2018), maximizing customer
satisfaction (Budak et al., 2023; Ren et al., 2023), and minimizing carbon emissions during the delivery
process (Peng et al., 2025; Zhu et al., 2024).

Problem Models

In line with the aforementioned optimization objectives, problem models have evolved from basic models
to constraint-extended models and joint optimization models, showing a progressive path from expanding spatial
degrees of freedom to integrating cross-layer resources.

basic models Basic models focus on overcoming spatial and task constraints. At the spatial level, Masone
et al. (2022) proposed an edge launch capability framework, allowing drones to take off and land at any position
on the road for the first time, while integrating battery limitations, truck waiting times, and multi-package delivery
constraints. This approach removes the restrictions of fixed take-off and landing points on path planning. Salama
et al. (2022) further extended this concept with a flexible launch and recovery site model, enabling trucks to launch
and recover drones at preselected non-customer locations, fully decoupling take-off and landing operations from
customer nodes. At the task capability level, Luo et al. (2021) overturned the "single-flight, single-package"
assumption and developed a collaborative path model supporting drones to serve multiple customers in a single
flight, significantly improving delivery efficiency. At the system architecture level, Stodola et al. (2024) introduced a

mobile base multi-depot path model, allowing trucks to act as drone transfer stations for cross-depot resource
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scheduling, breaking single-depot operation boundaries. Murray et al. (2020) integrated nonlinear endurance
constraints into multi-drone queue scheduling for the first time. Their automated scenario analysis revealed the
diminishing marginal returns of adding drones and quantified the risks of misapplying endurance models, providing
critical parameter guidance for large-scale systems.

These basic models collectively drive the evolution of collaborative delivery systems from rigid frameworks
to flexible spatial paradigms. By supporting take-off and landing at arbitrary locations and operations at non-
customer points, they release spatial constraints. Combined with multi-customer service and cross-depot
scheduling, they reconstruct task logic. Integrating precise modeling of nonlinear drone endurance, these
approaches ultimately establish a foundational framework for dynamic optimization capable of supporting complex
real-world scenarios.

Constraint-Extended Models

Constraint-extended models address dynamic and uncertain environments by embedding optimization
objectives within more complex constraint systems. Ren et al. (2023) proposed a mobile battery swapping
mechanism, simultaneously optimizing electric vehicle routes and drone endurance strategies. This approach
achieves dynamic energy coordination under time-varying traffic flows, reducing carbon emissions by 28% and
promoting green "last-mile" delivery. Yin et al. (2023) addressed dual uncertainties in demand and travel time in
post-disaster scenarios. They used a budgeted uncertainty set to model parameter perturbations and developed
an arc-based model minimizing worst-case delay penalties, improving disaster response reliability by over 30%.
Meng et al. (2024) interactively modeled multi-visit service, synchronized pick-up and delivery, truck capacity
constraints, and load-dependent drone energy consumption for the first time. This filled a gap in complex
commercial logistics modeling, reducing operational costs of bidirectional medical supply delivery by 19.7%. Thomas
et al. (2024) proposed a joint optimization framework for heterogeneous fleets and dynamic take-off/landing points.
By unifying decisions on in-transit take-off and landing operations, vehicle scheduling, and path planning, they
achieved a 40-fold improvement in computational efficiency for scenarios involving hundreds of customers.

These extended models better reflect real operational contexts and can maintain time and cost optimization
while simultaneously enhancing system resilience and sustainability.

joint optimization models

Joint optimization models achieve deep integration of cross-level decisions, collaboratively optimizing
location, routing, and energy within a single framework. Meng et al. (2024) developed a two-level location-routing
optimization framework. They improved clustering algorithms to optimize blood distribution center locations and
designed intelligent algorithms for coordinated route planning. In complex road networks, this approach
simultaneously reduced total cost by 12.65% and delivery time by 37.5%, providing key decision support for
emergency medical services. They further proposed a UGV/UAV energy joint optimization model, integrating path
planning with intelligent decision-making to systematically balance vehicle movement and flight energy
consumption. Cai et al. (2023), in extreme environment patrol tasks, used an energy coordination scheduling
mechanism to overcome traditional energy constraints, extending system endurance by 45% and addressing

continuous operation bottlenecks in scenarios such as planetary exploration. Li et al. (2020) introduced a mobile
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satellite architecture, converting trucks into dynamic supply points and establishing a two-level optimization model
for supply point positioning and real-time UAV path coordination. This expanded rural delivery coverage by 58%
while reducing flight distance by 25.4%. Gao et al. (2023) proposed a three-level nested decision framework
(customer assignment-drone scheduling-vehicle routing) for multi-vehicle multi-drone systems. Using mixed-integer
programming and hierarchical solution methods, they supported optimization for hundreds of customers, reducing
time-window violations in instant medicine delivery to below 4%.

These models enable balancing of timeliness, cost, coverage, and energy consumption under multi-
objective optimization, providing systematic solutions for large-scale and complex constraint scenarios.

Solution Algorithms

Solution algorithms can be discussed in three main categories: exact algorithms, heuristic algorithms, and

metaheuristic algorithms.

Table 1 Comparison of algorithm characteristics

Type Representative Method Advantages Disadvantages
Precise Branch pricing method, Guarantee globally optimal Only applicable to small-scale and
Algorithm Benders decomposition solutions with rigorous theory computation-intensive scenarios.

Real-time, fast (second-level),
Heuristic Mileage Saving Method, Unstable quality, prone to local
easy to handle complex
Algorithm Neighbourhood Search optimization
constraints

Genetic algorithm (GA), High computational cost (hourly),
Metaheuristic Strong global search,
Ant colony optimization requires experience-based parameter
Algorithm approaching the optimal solution
(ACO) tuning

Exact algorithms

Exact algorithms in vehicle—drone collaborative optimization are primarily based on mathematical
programming and decomposition strategies, constructing theoretically complete solution frameworks. Their core lies
in guaranteeing optimality through structured search and cutting-plane techniques. Typical methodologies include:
branch-and-bound, which solves mixed-integer programming models through systematic enumeration and pruning;
branch-and-price, which dynamically handles large-scale path variables using column generation; Benders
decomposition, which splits the problem into a vehicle routing master problem and a drone scheduling subproblem,
iteratively optimizing via cutting planes; and dynamic programming, which optimizes decision sequences for specific
substructures.

Tamke et al. (2021) designed the first branch-and-bound cutting-plane algorithm for the vehicle routing

problem with drone replenishment (VRPD), dynamically identifying and adding cutting planes to strengthen linear
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relaxations. Cavani et al. (2021) proposed a compact MILP model combined with branch-and-cut decomposition,
increasing the solvable scale from 10 to 24 customers. Yin et al. (2023) developed an enhanced branch-and-price-
and-cut algorithm for time-window constrained collaborative delivery, significantly improving efficiency by combining
bounded bidirectional labeling with subset row inequalities. Boccia et al. (2024) built a two-stage robust optimization
model for post-disaster dual-echelon delivery, integrating column-and-constraint generation with branch-and-cut to
solve worst-case collaborative plans. Faiz et al. (2024) applied column-and-constraint generation to optimize dual-
echelon routes under uncertain demand.

Although these algorithms excel in theoretical completeness and small-scale problem solving, their
computational complexity remains a practical limitation. Existing exact methods are generally suitable only for small
instances. In practice, they are often embedded with heuristic strategies to balance solution efficiency and quality,
making them more applicable for benchmark validation or high-precision small-scale scenarios.

heuristic algorithms

In vehicle—drone collaborative optimization, heuristic algorithms rapidly generate feasible solutions through
customized rules, providing real-time scheduling capabilities for large-scale dynamic scenarios. Their key features
include efficient handling of complex constraints, low parameter dependency, and fast convergence. Typical
methods include neighborhood search, smoothed greedy algorithms, and column generation decomposition
heuristics, which demonstrate significant solution advantages across diverse scenarios.

For example, Kuo et al. (2022) designed a variable neighborhood search (VNS) algorithm with a novel
solution representation for time-window constrained collaborative delivery, efficiently optimizing vehicle-drone joint
routes and delivery costs. Mulumba et al. (2024) proposed a Clarke-Wright savings-based heuristic for integrated
pick-up and delivery scenarios to minimize operational costs. Shi et al. (2023) developed an end-to-end
differentiable framework using stochastic smoothing for sub-model differentiable optimization, combined with a
smoothed greedy heuristic to improve mobile charging station routing decisions. Faiz et al. (2020) developed a
column generation decomposition heuristic for post-disaster uncertain demand, optimizing dual-level drone rescue
route coordination.

Although heuristic algorithms excel in computational efficiency and scenario adaptability, their global search
capability is limited. They are prone to local optima and cannot guarantee optimality. Therefore, in practice, they
are often used as lightweight solvers for medium-scale problems or combined with metaheuristic algorithms to form
hybrid strategies, balancing real-time requirements and solution quality, and supporting robust collaborative
decision-making in dynamic environments.

Metaheuristic algorithms

In the field of vehicle—drone collaborative optimization, metaheuristic algorithms use global search
mechanisms inspired by natural phenomena, such as population evolution and pheromone transmission, to balance
exploration and exploitation in the solution space. They are the preferred approach for large-scale, multi-node, and
complex scenarios. Their main advantages include strong generality, flexible integration of problem features (e.g.,
encoding endurance constraints), guaranteed feasibility of solutions (sacrificing optimality compared with exact

algorithms), and superior global search capability compared with heuristic methods. Typical algorithms include ant
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colony optimization (ACO), genetic algorithms (GA), artificial bee colony (ABC), and their hybrid strategies. Recent
research shows three main capabilities: Robustness enhancement via hybrid strategies, Ghaffar et al. (2024)
combined simulated annealing with ABC to overcome local optimal stagnation in medical supply delivery; Ming et
al. (2019) integrated GA with an adaptive max—min ACO system (GA-AMMAS) to improve route quality under real-
time traffic; Konstantinos et al. (2025) nested GA within a robust optimization framework to resist uncertainty
disturbances.

Adaptive mechanisms for practical application, Deng et al. (2022) integrated improved K-means with ACO
to perform load- and energy-sensitive task—path joint optimization; Stodola et al. (2023) designed an adaptive ACO
with node clustering (AACO-NC), enhancing complex scenario performance through dispatch probabilities and local
search.

Multi-objective collaborative optimization, Gu et al. (2023) developed a multi-level pheromone mechanism
to improve ACO for real-time delivery link optimization; Li et al. (2020) used GA to balance cost and carbon emission
in green delivery; Sadok et al. (2024) proposed a distributed GA-based clustering algorithm for coordinated
scheduling of vehicles and drones under load and energy constraints.

These algorithms, through bio-inspired simulation and hybrid strategy innovations, establish efficient search
paradigms in high-dimensional solution spaces for logistics scheduling, emergency response, and green delivery.

They provide scalable technical pathways for ultra-large-scale collaborative optimization.
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Table 2 Typical techniques and evolutionary directions of meta-heuristic algorithms

Typical Technology Authors Application Scenarios Areas for Improvement
Enhance global search capabilities by
Ghaffar et Emergency delivery of medical introducing perturbation mechanisms through
al. (2024) supplies. simulated annealing and strengthen solution
GA + ACO
stability under emergency tasks.
ACO+Simulated
Introducing an adaptive pheromone adjustment
Annealing Ming et al. Dynamic route planning under
mechanism to improve path solution quality and
Genetic Algorithm + (2019) real-time traffic changes

Robust Optimization
Konstantino  High uncertainty task scheduling

s et al. and path reconstruction.
(2025)
Deng et al. Multi-vehicle-multi-drone
(2022) coordinated dispatching.
Supply Chain Risk
Management
Large-scale, multi-task, multi-
Stodola et
constraint complex path
al. (2023)
planning.
Gu et al. Real-time delivery network
(2023) optimization.
Supply Chain
Li et al. Green logistics and carbon
Inventory
(2020) emission control.
Management
Joint scheduling of vehicles and
Sadok et al.
drones under load-energy
(2024)

consumption coupling.

convergence speed in dynamic environments
Introducing genetic operators into robust
optimization to improve solution feasibility and
robustness under demand and traffic uncertainty
Utilizing K-means clustering to reduce search
scale, introducing load and energy consumption
coding to enhance energy efficiency
optimization capabilities.

Combining node clustering and adaptive
pheromone updating to improve search
efficiency and stability under multiple tasks and
complex constraints.

Balancing the search intensity of different
objectives through a multi-level pheromone
mechanism to achieve solution set diversity for
multi-performance optimization.

Introducing multi-objective fitness functions into
genetic algorithms to optimize the Pareto
frontier quality of cost and carbon emissions
Embedding genetic clustering into a distributed
framework to improve computational efficiency
and scalability under large-scale multi-constraint

conditions.

Conclusion

This paper synthesizes the development of VDCD across four dimensions: collaborative modes,

optimization objectives, problem models, and solution algorithms. Four paradigms—synchronized delivery, parallel

delivery, vehicle-supported drone delivery, and drone-supported vehicle delivery—demonstrate distinct operational

mechanisms and application scenarios. Research has shifted from single objectives, such as minimizing time and

cost, toward multi-dimensional goals that incorporate service quality, sustainability, and carbon reduction. Problem

modeling has advanced from basic formulations to joint optimization frameworks, reflecting a growing emphasis on

resource integration. Solution methods show a progression from exact algorithms for small-scale tasks to heuristic
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and metaheuristic approaches for complex environments, with hybrid and distributed optimization emerging as
promising trends. For managers, these findings suggest the importance of selecting collaborative modes suited to
specific contexts and adopting multi-criteria decision frameworks supported by Al-based tools. For policymakers,
the results highlight the need for clear regulations on airspace management, data sharing, and green logistics
incentives. Nevertheless, current studies remain limited by reliance on simulations and idealized assumptions, with
few empirical validations in real-world settings.

Future Research Agenda for VDCD

Building on the identified challenges of VDCD development, namely adaptation to dynamic environments,
green sustainability, cross-level optimization, and large-scale implementation, future research can be advanced
across the following key dimensions:

Real-time optimization under dynamic and uncertain environments

Collaborative decision-making frameworks for vehicles and drones should deeply integrate traffic flow,
order demand, and weather forecasts with route planning. This enables second-level decision updates, improves
service stability during peak periods and unexpected scenarios, and has direct applications in instant delivery and
public service distribution.

Full-chain carbon quantification and green optimization strategies

Life-cycle carbon emission models covering energy production, transportation, and charging should be
developed, with low-carbon and sustainability goals as core optimization objectives. On this basis, the collaborative
effects of drones’ zero-emission operation and trucks’ new-energy fuel innovations can be studied in task allocation,
route planning, and energy supply strategies. Carbon budget or trading constraints can be used to significantly
reduce system-wide emissions, promoting standardized and commercial applications of low-carbon collaborative
delivery.

Cross-level joint optimization for large-scale logistics networks

For large node scales, diverse task types, and strict real-time requirements, scalable frameworks combining
hierarchical partitioning and cloud—edge collaborative computing should be proposed. These frameworks can
simultaneously optimize site selection, routing, scheduling, and energy supply, maintaining computational feasibility
and reducing scheduling delays in high-dimensional decision spaces.

Policy—technology integrated pathways for large-scale deployment

Simulation-policy collaborative evaluation platforms should be established to assess the safety and
economic performance of airspace opening policies, take-off/landing site layouts, and operational modes. This
provides quantitative support for hierarchical airspace management and safety certification standards, facilitating
the commercialization and large-scale operation of VDCD.

High-reliability safety and fault-tolerance mechanisms

Task migration and redundancy allocation mechanisms should be introduced to enable seamless task
takeover in cases of drone failure, communication interruption, or vehicle delay. Blockchain or multi-signature
mechanisms can ensure tamper-proof scheduling data, enhancing usability in high-safety scenarios such as medical

or emergency material delivery.
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In summary, vehicle and drone collaborative delivery represents a vital technological pathway for smart
logistics and the low-altitude economy. Future research should emphasize the integration of technology and policy,
as well as algorithms and applications, to develop a multi-agent collaborative delivery system that achieves
economic efficiency, environmental sustainability, and operational safety. Such efforts will drive the large-scale and
sustainable advancement of VDCD within global smart logistics networks.
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