(9 g drones

Article

Optimized Collaborative Routing for UAVs and Ground Vehicles
in Integrated Logistics Systems

Hafiz Muhammad Rashid Nazir *'*/, Yanming Sun * and Yongjun Hu

check for
updates

Academic Editor: Mumtaz Karatas

Received: 24 May 2025
Revised: 14 July 2025
Accepted: 15 July 2025
Published: 30 July 2025

Citation: Rashid Nazir, HM.;Sun, Y.;
Hu, Y. Optimized Collaborative
Routing for UAVs and Ground
Vehicles in Integrated Logistics
Systems. Drones 2025, 9, 538.
https://doi.org/10.3390/
drones9080538

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

School of Management, Guangzhou University, Guangzhou 510006, China; huyongjun@gzhu.edu.cn
* Correspondence: 1112232009@e.gzhu.edu.cn (H.M.R.N.); sunyanming@gzhu.edu.cn (Y.S.)

Abstract

This study investigates the optimization of urban parcel delivery by integrating logistics
vehicles and onboard drones within a static road network. A centralized delivery hub is re-
sponsible for coordinating both modes of transport to minimize total vehicle operation costs
and customer waiting times. A simulation-based framework is developed to accurately
model the delivery process. An enhanced Ant Colony Optimization (ACO) algorithm is
proposed, incorporating a multi-objective formulation to improve route planning efficiency.
Additionally, a scheduling algorithm is designed to synchronize the operations of multi-
ple delivery bikes and drones, ensuring coordinated execution. The proposed integrated
approach yields substantial improvements in both cost and service efficiency. Simulation
results demonstrate a 16% reduction in vehicle operation costs and an 8% decrease in
average customer waiting times relative to benchmark methods, indicating the practical
applicability of the approach in urban logistics scenarios.

Keywords: UAV-assisted delivery; logistics; genetic algorithm; static road network;
clustering with constraints; Ant Colony Optimization (ACO); multi-vehicle multi-drone
coordination

1. Introduction

The exponential growth of e-commerce and the increasing demand for rapid and
reliable delivery services have significantly reshaped the urban logistics landscape [1,
2]. However, conventional logistics methods are facing mounting challenges in meeting
the heightened expectations for speed, efficiency, and sustainability [2]. In response,
the integration of advanced technologies—such as unmanned aerial vehicles (UAVs),
commonly known as drones—with traditional ground-based logistics systems has emerged
as a promising solution to enhance delivery performance and reduce operational costs [3].
This hybrid delivery paradigm leverages the complementary strengths of logistics vehicles
and drones, offering a novel approach to address critical urban logistics issues, including
traffic congestion, last-mile delivery inefficiencies, and environmental impact [4]. The
concept of drone-assisted last-mile delivery has gained substantial traction in recent years,
with various studies demonstrating its potential to reduce both delivery time and costs [4,5].
Nevertheless, the standalone deployment of drones presents limitations, such as restricted
payload capacity, limited flight range, and regulatory constraints. To overcome these
challenges, the integration of drones with ground logistics platforms—including electric
vehicles (EVs), light-duty trucks, and micro-mobility solutions—has been proposed as a
viable alternative [5].
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Given the complexity of coordinating such multi-modal systems, advanced optimiza-
tion algorithms are essential for enabling efficient collaborative routing. These algorithms
ensure cost-effectiveness, operational efficiency, and scalability in urban delivery networks.
Among them, Particle Swarm Optimization (PSO) is a population-based metaheuristic
inspired by the social behavior of birds and fish. It optimizes delivery routes by itera-
tively updating particle positions based on personal and global best solutions, balancing
exploration and exploitation in the solution space [6,7].

Similarly, Ant Colony Optimization (ACO) models the foraging behavior of ants,
where artificial pheromone trails guide the search for optimal routes. Genetic Algorithms
(GAs) apply evolutionary principles—selection, crossover, and mutation—to evolve high-
quality solutions across generations [8]. Dijkstra’s Algorithm, a classical shortest-path
method, is used to precompute the optimal paths between nodes in a road network and
serves as a foundation for integrating UAV and vehicle routes in collaborative routing.
Simulated Annealing (SA), inspired by the metallurgical annealing process, is applied to
escape local optima and further refine solutions for minimizing vehicle operation costs and
customer waiting times [6].

Despite the advantages of this hybrid delivery model, its practical implementation
poses significant challenges. A primary concern is the efficient coordination and scheduling
of delivery routes for both drones and logistics vehicles, which must balance time-sensitive
deliveries with operational cost constraints [5,9]. Effective planning requires optimization
algorithms that can accommodate factors such as vehicle load capacities, drone endurance,
delivery deadlines, and real-world urban network conditions. While algorithms like ACO
and K-means clustering have been widely applied in logistics optimization tasks, their
adaptation to collaborative, multi-modal delivery systems remains limited in the litera-
ture [8,10]. Several constraints further complicate this integration. The limited flight radius
and battery endurance of UAVs necessitate frequent returns to the host vehicle for recharg-
ing and parcel collection [11]. Moreover, the time and cost for a ground vehicle to traverse
two different roads of equal length can vary significantly due to traffic conditions and road
quality [11,12]. These dynamic factors also influence the synchronization between drones
and their host vehicles. As such, it is essential to simulate realistic urban road conditions to
accurately model and optimize the collaborative delivery process. Figure 1 illustrates the
architecture and operational model of UAV-supported urban logistics systems [5].
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Figure 1. Scheduling and routing for UAV-supported logistics [5].
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This study proposes an integrated optimization framework for a collaborative parcel
delivery system that combines logistics vehicles with onboard drones. The research focuses
on optimizing delivery operations within a static urban road network, where multiple
vehicles and drones jointly serve a predefined set of customer locations. A multi-objective
optimization model is formulated to simultaneously minimize vehicle operation costs and
customer waiting times. To solve this problem, an enhanced Ant Colony Optimization
(ACO) algorithm is developed, tailored to the specific requirements of synchronized multi-
modal delivery.

To ensure coordinated execution between drones and logistics vehicles, a co-planning
algorithm is introduced. This algorithm facilitates the synchronized routing and scheduling
of both modes, allowing for efficient task allocation and route alignment. The effectiveness
of the proposed framework is evaluated through comprehensive simulation experiments.

Results indicate that the integrated approach achieves a 16% reduction in driving
costs and an 8% reduction in customer waiting times compared to conventional delivery
strategies, underscoring its practical potential for real-world implementation. This research
contributes to the field of logistics optimization by introducing a novel framework that
exploits the complementary capabilities of ground vehicles and aerial drones. By addressing
key challenges in collaborative routing and task coordination, the study lays a foundation
for developing more efficient, scalable, and sustainable urban logistics systems.

Future research will extend this framework to dynamic environments, incorporating
real-time traffic data and adaptive optimization techniques to further enhance responsive-
ness and operational robustness.

2. Related Study

Last-mile logistics refers to the final stage of the delivery process, wherein packages are
transported from the nearest distribution or sorting center to the end customer, completing
the door-to-door service cycle [12,13]. This stage plays a critical role in customer satisfaction
and operational efficiency. Importantly, logistics costs remain a major factor in production
and supply chain management. Last-mile delivery is a substantial cost driver within the
logistics sector.

Global data indicate that in 2023, logistics expenditure reached approximately USD
80 billion, with last-mile transportation accounting for nearly 50% of the total cost. As
shown in Figure 2, Pakistan’s logistics sector has experienced steady growth over the past
eight years, expanding from an estimated USD 4.8 billion in 2015 to around USD 8.2 billion
in 2023, reflecting a compound annual growth rate (CAGR) of approximately 6.38% [14].
According to the China Federation of Logistics and Purchasing, China’s total logistics cost
in 2022 was approximately CNY 13 trillion, marking a 7.1% year-on-year increase and
representing 14.7% of the country’s GDP [14,15]. Notably, last-mile logistics comprises
more than 30% of the total logistics expenditure, underscoring its significance and the
pressing need for cost reduction. As a result, optimizing last-mile delivery has become a
focal point for both researchers and logistics enterprises. In Pakistan, efforts to modernize
last-mile logistics through drone technology are gaining momentum. For instance, in June
2021, Careem launched a drone delivery pilot in Lahore and Karachi, aiming to evaluate the
feasibility of UAV-based food delivery [15]. Similarly, Foodpanda conducted trials using
Vertical Take-Off and Landing (VTOL) drones as part of their initiative to enhance delivery
efficiency and reduce operational costs in urban settings [15,16].
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Figure 2. Graph of Pakistan’s total social logistics over the last eight years.

Academic institutions in Pakistan have also contributed to this field by developing
drone-based delivery systems. These research projects focus on integrating technologies
such as the Robot Operating System (ROS) and GPS-based navigation to create secure
and precise autonomous delivery solutions [16,17]. The potential for drone deployment
in last-mile logistics is considerable. By automating deliveries, UAVs could significantly
reduce operational costs and increase delivery speed. A notable example is the strategic
partnership announced on 16 May 2018, between Sinotrans DHL International Express
Co., Ltd. and EHang Intelligent in Guangzhou. The collaboration resulted in the release of
China’s first fully automated intelligent drone logistics solution, marking the commercial
launch of drone-based delivery services [17,18].

In the Analysis Report on the Business Model and Development Trend of Pakistan’s
Logistics Industry, the integration of drone technology into last-mile logistics is explicitly
identified as a key component of the next generation of intelligent logistics systems [19,20].
This highlights the substantial commercial potential and application value of unmanned
aerial technologies within the logistics domain.

Last-mile delivery serves as the final and most customer-facing stage in the urban lo-
gistics process. The quality and efficiency of this segment have a direct impact on customer
satisfaction [20]. Human factors, such as inconsistency in delivery personnel performance,
may adversely affect customer experience. In contrast, the use of coordinated logistics
vehicles and drones enables more precise and timely deliveries, which can significantly
enhance customer satisfaction and service reliability.

Globally, the development of drone-related technologies and products has attracted
considerable attention from both academia and industry [21]. In Pakistan, notable players in
the drone ecosystem include companies such as DroneTec, AZNavTeq, Agritronics Private
Limited, DJI, and EHang. Emerging contributors, such as the NUST Robotics Group and
Techwards, are also actively engaged in drone research and innovation [20]. According to
the Consumer Electronics Association, global sales of civilian drones reached 400,000 units
this year, an increase of 55% over the previous year—with the market value rising to
approximately USD 1 billion. While drone applications have traditionally focused on single-
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unit use cases such as aerial photography, agriculture, surveillance, and exploration [20,21],
their potential in logistics and distribution is increasingly being recognized.

Currently, the collaborative use of logistics vehicles and drones for parcel delivery
remains an emerging and underexplored field. The development of planning algorithms
for coordinated delivery involving multiple drones and vehicles is critical to achieving
systematic, efficient logistics solutions [22]. Compared to traditional vehicle-only delivery
methods, collaborative algorithms significantly reduce both total delivery time and trans-
portation cost. Empirical studies and simulations have demonstrated that the incorporation
of drones in last-mile logistics can effectively lower delivery costs. With drone technology
becoming increasingly mature, the feasibility of integrated drone-vehicle logistics systems
is improving. This study introduces a collaborative delivery framework that coordinates
drones and logistics vehicles to perform optimized parcel distribution tasks [23]. For a spec-
ified delivery area, a path optimization algorithm is implemented at the theoretical level
to coordinate the routes of both drones and vehicles. Compared to conventional delivery
approaches, this method achieves meaningful reductions in overall cost and delivery time.
These results offer valuable theoretical insights and practical guidance for the future design
and deployment of collaborative urban logistics systems.

3. Ant Colony Algorithm

ACO was developed by Italian researcher Marco Dorigo [7]. It generalizes previous
algorithms under a unified metaheuristic framework, providing an abstract and standard-
ized description for solving complex optimization tasks. ACO is particularly effective
for addressing combinatorial optimization problems due to its adaptability and positive
feedback mechanism [7]. The core principle of ACO is inspired by the foraging behavior of
real ants, which rely on pheromone trails to communicate and identify efficient paths to
food sources. Ants deposit pheromones along their paths, and the intensity of these trails
influences the probability of path selection by other ants, reinforcing shorter and more
optimal routes through positive feedback [7]. As illustrated in Figure 3, ants traversing Path
B reach the food source more quickly and deposit a higher concentration of pheromones
within the same timeframe. This feedback mechanism causes subsequent ants to favor Path
B, ultimately converging on Path B as the shortest and most efficient route.

Figure 3. Ant foraging paths.
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ACO is the optimal solution to solve large-scale TSP problems. There are two main
steps in the process of artificial ACOs, ath building and information updates. The similari-
ties between artificial and natural ant colonies are shown in Table 1 below.

Table 1. Artificial and natural ACOs.

Ant Colonies Forage for Food

Ant Optimization Algorithm Applications Key Challenges

Ant colony

Foraging space

Pheromone

A path from the nest to
the food

Shortest path found

A set of efficient solutions in the . - Balancing
Traffic route, logistics A
search space (expressed as exploration vs.

population size N) optimization exploitation

Search space of the question Warehouse management, High-dimensional

represented by dimension D network design complexity

Information concentration variable =~ Robotics colony intelligence Decay and dynamic
updates

An effective solution Supply chain efficiency Local optima traps

Optimal solution of the problem Route optimum Scalability in large
network

ACO enhances both the path construction and pheromone update mechanisms to
improve solution quality and convergence speed [7]. The Ant Colony System (ACS), a
refined variant of ACO, operates based on following rules:

Pseudo-Random Proportional Rule: This rule governs the selection of the next node
(e.g., city) during path construction. It strikes a balance between exploitation (intensifying
search around the best-known paths) and exploration (searching new paths) by selecting
the next node probabilistically.

Improved ACO with Two-Objective Optimization

In the ACO algorithm, the primary objective is to minimize the total driving distance.
Accordingly, the pheromone evaporation and updating mechanisms are designed to re-
inforce shorter routes over time [7,16]. However, in practical urban logistics scenarios,
minimizing distance alone is insufficient, as both travel cost and time cost significantly
affect delivery efficiency and service quality. To address this, the proposed improved
ACO algorithm introduces a multi-objective optimization framework that simultaneously
considers driving cost and time cost. These two factors are incorporated using influence
coefficients and linear weighting to construct a comprehensive cost function. Consequently,
the transition probability calculation between nodes is also modified to account for this
dual-objective structure, with parameters introduced to balance the relative impact of cost
and time.

In conventional ACO, the transition probability for selecting the next node is typically
computed based on pheromone intensity and visibility, where visibility is defined as
the inverse of the static Euclidean distance between two nodes (see Equation (1)). This
definition aligns with the traditional objective of minimizing distance.

This study redefines the visibility term to reflect both driving cost and time cost,
resulting in a more realistic representation of urban delivery conditions. The revised
visibility formulation is presented in Equation (2), supporting a more effective and balanced
path selection process under the proposed multi-objective optimization strategy.

[P <[P ..
Ph(t) = { Tl <[ (0 ifi #]
0

(1)
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In the Equation (1), Pl.’;- (t) is the probability that an ant k will move from node i to node
jattime t. 7;;(t) and a are the information degree concentration factor and the importance
degree parameter on the path i to j, respectively. 77;; and p are the distance factor of path i,
j and its importance parameter, respectively. T is the next set of nodes to be selected. In
the calculation formula, drf and waf represent, respectively, the cost of driving and the
weighting factor of customer satisfaction. To; is the requested arrival time representing
point j.

With the revised visibility calculation, the time cost and its corresponding weight
coefficient are incorporated into the transition probability function. As a result, when an
ant selects the next node, the decision is guided by the minimization of a composite cost
function, which combines both driving cost and time cost. This encourages the selection of
routes that represent the optimal trade-off between time and expense rather than purely
minimizing distance. As pheromone trails are iteratively updated through evaporation and
reinforcement, the algorithm gradually converges toward a path that minimizes the overall
comprehensive cost. This comprehensive path reflects a more realistic and cost-effective
route for logistics vehicle travel in urban delivery scenarios.

The structure of the improved ACO algorithm, adapted for solving the logistics vehicle
routing problem under multi-objective constraints, is detailed in Algorithm 1.

This study has solved the driving path of a logistics vehicle with the aim of obtaining a
reasonable driving sequence, xg x1, X2, X3....... X, X0, so that the value of cost is minimal
among them, xo. The point of departure is Vi,j € {1,....n}, 1 < x; < n,and x; # xj;
n refers to the number of heavy points.

Cos = Z?:l drf x dis(x; x;_1) +waf ®)

Y dis(xjx;
*max {0,( /=1 cr(s] 4 l) — To; | X urt;

The problem is formulated as a multi-objective optimization task, which is NP-hard in

nature. Without proving NP = P at present, it is not possible to find an optimized algorithm
to solve this problem in polynomial time, so this paper uses an improved ACO algorithm
to find an approximate optimized solution to the problem.

Heuristic algorithms are employed to solve the logistics vehicle routing problem,
which is recognized as a typical NP-hard problem. Due to its computational complexity,
finding an exact optimal solution is impractical for large-scale instances. Instead, heuristics
provide approximate solutions that are computationally efficient and sufficiently close
to the optimal solution for practical purposes. These methods offer a favorable trade-off
between solution quality and computational cost in terms of time and space.

As illustrated in Figure 4, the logistics vehicle begins its route from Point 1 and
must visit four additional delivery points. Each of these points is subject to specific time
constraints, and penalties are imposed if deliveries exceed the allotted time limits. The
objective is to determine a delivery route that minimizes the total cost, which includes both
travel time and penalty costs associated with time window violations.
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Figure 4. The difference between improved ant colonies and traditional ACOs.

Algorithm 1: Improved ACO to solve logistics vehicle travel path

Input: Road network information matrix G, express time limit requirements, penalty
coefficient.

Output: Logistics vehicle travel path.

1: Initialize the parameters. The initial position of m ants is randomly distributed in each
heavy component point. The first tabley: To nullify, set the algebraic counter

Nmax ¢ 300; pathway initial concentration P < 1; information heuristic factor « < 2;
expectation heuristic factor § <— 5; the rate of evaporation of pheromone p to 0.1; and
substitute the road network information matrix G into the distance table.

2: Randomly select the starting point s to join tabley.

3: Set the current point of the logistics vehicle as w, and the next node set to be selected
as T < T — tabley.

4: For each point j in the next set of nodes to be selected, calculate the transfer
probability, Pi]; (t); select the next node j using roulette. tabley < tabley + j. Update the
paths added to the tab with local information until all heavy-duty points are added to
a tab.

5: Judge whether the number of ants traversing the week has reached 1, and if it has not
reached it, perform step 2; otherwise, perform step 6.

6: Once the m-only ant colony solution is completed, seek the optimal path in the
current round for global signaling update. The updated Equations are shown below:

Ti(t) = (1—p)x T+ Y, AT ©)
Atk — {(Ck)_l (@)
1] O

If kth ants pass by i, j, express points in turn of the ATZ for the kth ant on path i to j left

by the leptin. Cy is the combined cost of the kth ant after the complete path.

7: Determine whether the cycle number n reaches 300, then implement step 8; otherwise,
implement step 2.

8: Choose the global optimal solution according to the optimal solution of each round,

export the logistics vehicle, and exit.

In this scenario, Point 1 represents the express distribution center and does not have
any time window constraints. Points 2 and 4 share the same latest allowable arrival time,
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which is set at unit 4 time; however, Point 4 carries a higher penalty coefficient for exceeding
this time limit. Points 3 and 5 have more relaxed delivery time constraints, and no penalties
are incurred for late arrivals at these locations.

The logistics vehicle is assumed to travel at a constant speed of 20 units. The relative
importance of driving cost and delivery time is represented by a ratio of 1:20, indicating
that delivery time has a significantly higher impact on the objective function.

To evaluate the effectiveness of the proposed optimization strategy, both the traditional
ACO and the improved ACO algorithms are applied to determine the optimal driving
route for the logistics vehicle. The improved ACO, which considers both driving cost and
time cost in its multi-objective formulation, produces the following optimized route:

A:1—+4—2—3—5—1. The logistics travel path obtained by the traditional
ACOistherouteB: 1 -2 —+4—-3—5—1.

It is shown that route B is the shortest distance, and route A has a greater sum of
distances than B. length , — lengthg = 47.34. However, due to the low speed of the logistics
vehicle, there will be a delivery timeout at both times of delivery. Therefore, for the
optimization of comprehensive costs, the improved ACO selects a fourth delivery point
with a high penalty factor to prioritize, thus avoiding greater penalty time costs. The overall
cost of route A is 2826.22. The combined cost of route B is 3012.02. Costg — Cost 4= 185.8.
From this result, route A obtained by the improved ACO has a smaller overall cost, so it
illustrates the optimization effect of the improved ACO.

4. Proposed Study
4.1. Road Network Construction

The concept of a direct road, as referenced earlier, is defined by four key elements: a
starting intersection, ending intersection, path length, and congestion degree coefficient [23].
To account for real-world traffic conditions, the actual path length is adjusted by multiplying
it by the congestion degree coefficient, yielding the equivalent path length. This adjusted
value is used in calculating the optimal meeting point between the drone and the ground
logistics vehicle.

Accordingly, constructing the actual road network for simulation purposes requires
only the definition of direct roads and their connectivity. To closely approximate the char-
acteristics of a real urban road system, a grid-based road network construction algorithm
is introduced. This approach simplifies the modeling process while preserving essential
spatial and connectivity features.

As illustrated in Figure 5, the actual road network is represented as a traffic graph com-
posed of intersecting and converging road segments, reflecting the structural complexity of
real-world urban transport systems [6].

Qo
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NOML G EnglishjDepartment
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ay (=)
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Quality Enhancement

NUML Ibn-e:Khaldun NUML Central Library
Ground o ° KT

Ibn-e-Khaldun Block
NUML Gate 3 Numl Ghazali
o . Block Ground

Figure 5. An illustration of the actual road network around NUML University, Islamabad, Pakistan.

Gazali Block
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4.2. Road Network Construction Algorithm

To simulate urban transportation as accurately as possible, this study evaluates two
different road network construction algorithms [6].

The first method involves randomly generating node locations (representing intersec-
tions) and then constructing edges between them based on a proximity or connectivity rule.
This approach aims to emulate the irregular structure of real-world road networks.

The second method begins by generating a central node and then incrementally adding
connection edges in a structured manner, expanding outward to form a grid-like network.
This approach provides a more regular and uniform representation of an urban road system.

For the purposes of the simulation experiments in this study, both methods were
considered, and a road network was constructed based on these principles to evaluate the
performance of the proposed logistics and drone coordination framework (Algorithm 2).

Algorithm 2: Generate road network and road network information

Input: Boundary limit parameters.

Output: Intersection point set, road network information matrix.

1: Select the baseline, set the upper and lower boundaries and the left and right
boundaries, and set the road level.

2: Randomly select several points with the right expansion set V = [1] and the edge set
E=[1].

3: Process the points in a cluster.

4: If the current point is n, the coordinates (xg, o) are not processed; the nearest point
above this point is (x1, y1), the nearest subpoint is (x7, y2), the upper critical point is
(x7,y7), and the lower boundary is (x3, y3). According to the slope relationship between
the upper and lower points and the processing points and the limit of the upper and
lower boundary points, a new point is randomly generated: (Ax, Ay), num + +.

V =V U point.

5: If this condition is not met, exit the current recursion.

6: Randomly generate a road congestion degree coefficient u, connect the new point and
(x0,¥0), and generate a new side e: (17, num, path length dis;;, u). distance[n][point]
(—disi]'. E < Ege.

7: If the new point (Ax, Ay) exceeds the boundary, exit the current recursion.

8: If not, add the new point to the point set, and return to step 3.

In Algorithm 1, in the 1000 x 1000 matrix, first, several points are randomly selected
on the baseline as a left-expanded cluster and a right-expanded set of points. Then, the
left and right clusters are joined separately to form the left baseline and the right baseline
until the boundary is reached to form the resulting simulated road network. After running
the above algorithm, a relatively reasonable simulated road network can be obtained, as
shown in Figure 6.

Requirements:

Ay > Xo; ]/T <AY<y;,‘K0<K1 (6)

To simulate urban transportation as accurately as possible, this study evaluates two
different road network construction algorithms [6].

The first method involves randomly generating node locations (representing intersec-
tions) and then constructing edges between them based on a proximity or connectivity rule.
This approach aims to emulate the irregular structure of real-world road networks.
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Figure 6. One of the scenarios in which the generated point is expanded to the right.

The second method begins by generating a central node and then incrementally adding
connection edges in a structured manner, expanding outward to form a grid-like network.
This approach provides a more regular and uniform representation of an urban road system.

For the purposes of the simulation experiments in this study, both methods were
considered, and a road network was constructed based on these principles to evaluate the
performance of the proposed logistics and drone coordination framework.

4.3. Path Storage and Solving

The road network information is obtained in Algorithm 1, and represented by a
weighted graph G (V, E). Where the node set V = [1], Q is the total number of intersection
points. E = [1] represents the equivalent path length of the direct path from node i to node j.

For ground logistics vehicles, routing must be planned over an actual road network,
considering the spatial distribution of designated delivery points, referred to as heavy
points. To minimize driving costs, the objective is to determine the shortest driving path
between these points based on the road network’s structure and traffic conditions [6]. This
involves calculating both the shortest path length and the actual driving route between
each pair of heavy points.

The shortest path length is defined as the sum of the equivalent path lengths—
adjusted for congestion—along the optimal route between two nodes. This information
serves as a critical input to the improved Ant Colony Optimization (IACO) algorithm,
which determines the optimal sequence in which the logistics vehicle should visit the
heavy points.

In addition to optimizing vehicle routing, calculating the actual driving path is essen-
tial for coordinating drone operations. Since drone tasks are planned relative to the logistics
vehicle’s route, knowing the vehicle’s precise path allows for accurate flight path planning,
as well as determination of the convergence and separation points in the drone—vehicle
collaborative delivery model.

To facilitate these computations, a weighted graph representing the road network
must first be initialized. The Floyd algorithm is then used to compute the shortest path
and corresponding path length between every pair of nodes, forming the basis for both
logistics vehicle route planning and drone coordination.

In Algorithm 3, the shortest distance between any two points can be obtained, and
for any two points i, j, the first point in the shortest path from i to j can be stored. By
recursively solving this problem, we can obtain a specific path between any two points.
The time complexity of this algorithm is 0 (N?); the time complexity is greater, but because
this is the preparation process for the simulated scene, it is still within the acceptable range.
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Algorithm 3: Combine the Floyd algorithm to solve the storage of the shortest path
length and shortest paths between any two points

Input: Collection of intersection points V, direct road information E.
Output: Shortest path length and shorter paths among any two points.
1: path[i][j] < j, distancel[i][j] < dis;;.

2: For k < 1 to Q Do.

3: Fori+ 1to Q Do.

4: For j <— 1 to Q Do.

5: if distancel[i][j] > distance[7][k] + distance[k][}].

6: distancel[i][j] <— distance[i][k] + distance[k][j].

7: path[i][j] < path[d][k].

In Algorithm 4, since the pointing (predecessor) information has already been stored
during the execution of Algorithm 3, only a single-pass recursion is required to retrieve
both the shortest path length and the corresponding shortest path between any two nodes.
This enables efficient retrieval of optimal routes across the network.

Algorithm 4: Solve the shortest path and shortest distance between two points

Input: Node number 4, b; Empty array A [1: o0]
Output: The shortest path length, the sum between intersection point a and intersection
point b, the shortest path A [N]:

1: Sum < 0;

N« 0

: While a! =b Do;

: Sum < Sum + 1;

N+ N+1;

: A[N] «+ a;

: a + path[a][b];

: Output Sum, and A [N].

O NI O Ul = W N

This process supports the improved ACO algorithm by providing the necessary input
to determine the optimal visiting sequence.

4.4. Regional Segmentation Labeling

The preprocessing algorithm for regional segmentation, as described in this section, is
designed to address several challenges encountered in urban delivery scenarios.

In real-world urban environments, the spatial distribution of express delivery points
varies significantly due to differences in land use. For example, delivery points are typically
clustered in office complexes, residential neighborhoods, and commercial areas, whereas
they are more sparsely distributed in open areas such as parks, squares, or along main
roads. In the context of this study, express delivery points also vary in terms of urgency
coefficients and time window constraints, which influence the priority levels assigned to
different regions.

Furthermore, in regions with a high density of delivery points (referred to as heavy
points), the complexity of the logistics vehicle routing problem increases substantially. To
address this, it becomes necessary to cluster delivery points within a region. This clustering
step helps to reduce the computational complexity of the vehicle routing problem and
provides structure for more effective route planning.

Figure 7 illustrates the spatial distribution of delivery points in the vicinity of NUML
University, Islamabad, Pakistan, serving as a representative urban case.
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Figure 7. Distribution of delivery points around NUML University Islamabad, Pakistan.

To address the challenges, this study employs a region-based clustering strategy that
includes the separation of light and heavy delivery zones, combined with a constrained K-
means iterative clustering algorithm. This approach partitions the delivery space effectively,
balancing cluster sizes and regional delivery priorities.

The proposed clustering and preprocessing workflow are illustrated in Figure 8.
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Figure 8. Proposed algorithm.
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5. Drone-Logistics Vehicle Co-Planning Algorithm

5.1. Collaborative Algorithm Analysis

Studies on drone-ground vehicle collaborative planning have predominantly fo-

cused on areas such as communication protocols, information fusion, and system-level
coordination [7]. However, the application of such collaboration to the vehicle routing
problem (VRP) remains relatively underexplored.

To address the last-mile parcel delivery problem by formulating approach is a Mixed-
Integer Linear Programming (MILP) model [7]. In this model, the relationship between
the drone and the logistics vehicle at each delivery point is reduced to a binary decision
variable (0-1), and the primary objective is to minimize delivery time. A heuristic algorithm
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is then can be employed to derive feasible flight and driving routes for the drone and the
logistics truck, respectively.

Limited Problem Scope and Single Objective:

The problem size is fixed and does not scale with practical complexity. The model
focuses solely on minimizing delivery time, which fails to reflect the multi-objective nature
of practical distribution scenarios. In applications, objectives such as customer satisfaction,
vehicle utilization, delivery efficiency, and driving cost must be considered simultaneously.

Low Flexibility and Poor Scalability:

The problem formulating such as MILP simplifies certain aspects, it limits adaptability.
Once constraints and decision variables are defined, the solution is tailored to a specific
scenario. Changes in fleet composition, such as an increase in the number of drones, require
redefinition and re-solving of the MILP model, which is computationally inefficient.

Inadaptability to Dynamic Environments:

This method is designed for static road networks and lacks mechanisms to handle
practical disruptions such as road blockages or drone failures. The problem model proposed
in this study supports dynamic reconfiguration. If road congestion occurs, the logistics
vehicle can reselect its driving route; similarly, in the case of drone malfunction, tasks can
be reassigned and the delivery plan recalculated for both vehicles and drones.

Precision vs. Practicality:

The MILP-based approach enables the use of mature solvers such as CPLEX, GLPK,
and lpsolve, which can produce precise and optimal results. However, this precision comes
at the cost of model flexibility and overlooks important operational details, limiting its
applicability to practical logistics scenarios.

Figure 9 illustrates the MILP-based model and the collaborative delivery intentions
between UAVs and ground vehicles.

Figure 9. MILP application and UAV-vehicle cooperative flight intention.

5.2. A Drone Flight Path Planning Algorithm

The interesting characteristics of UAV ground collaboration introduce several specific
constraints and considerations:

Heterogeneous Mobility Modes:

The UAV, operates in three-dimensional space and travels along linear paths be-
tween points., The primary vehicle, the ground-based logistics truck, must travel along
an actual road network, where its travel time is influenced by road distance and
congestion coefficients.

Drone Endurance and Dependency:
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Due to limited flight endurance, the UAV must return to the logistics vehicle for
recharging after completing a delivery task. Consequently, each UAV flight path must be
planned in coordination with the driving route of the logistics vehicle. The UAV can only
depart and land at points located on the vehicle’s path, reinforcing the need for tightly
coupled planning between the two modes.

Drone Payload Constraints:

In the preprocessing stage, this threshold is used to classify delivery points as
lightweight, ensuring that each such point’s package weight does not exceed the drone’s
capacity. Depending on the UAV’s endurance, it may be capable of serving multiple
lightweight delivery points in a single sortie.

Dynamic Task Allocation Based on UAV Availability:

To minimize the waiting time of the logistics vehicle and maximize UAV utilization,
optimal take-off and landing points are assigned for each delivery. The planning algorithm
must support dynamic task reassignment, adapting UAV flight plans in real time to achieve
an efficient balance between logistics vehicle scheduling and UAV deployment.

In Figure 10, which is depicting the logistics vehicle and UAV coordinated transport,
the logistics vehicle is traveling along an actual road on the ground, and the driving
trajectory is A — B — C. During this process, the drone completes the fast delivery
mission at seven light goods points along the route, from 1 to 7. When the number of
drones is greater than or equal to 2, within the constraints of the endurance radius and
maximum payload of the drones, the delivery of express points, the cost of drone flight,
the waiting time of logistics vehicles, and other factors are taken into account, and it is
planned that the drones will make three flights: 1: car — 1 car; 2: car - 5 — 6 — 7 car;
and 3: car — 2 — 3 — 4 car. The best take-off point and rendezvous point for each flight
are calculated.

o v _ Lightweight
/ Logistics dellvery - " Fiignt path O Way point @ — pcgaint

route

Figure 10. Coordinated transport when the number of drones is 2.

In the case where only one drone is available, a scheduling conflict may arise during
the execution of the third flight task. Specifically, if the logistics vehicle reaches the optimal
take-off point for the third task before the drone has returned from its previous mission,
the vehicle is forced to pause and wait for the drone to land. This waiting period delays
subsequent deliveries, increasing the overall delivery time for all assigned express points.

To mitigate this delay, the drone’s flight schedule must be dynamically adjusted. In this
scenario, the second flight task’s take-off point is advanced, allowing the drone to complete
its task and return earlier—at the expense of a slightly longer flight path and higher drone
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energy cost. By doing so, the third flight task can be launched immediately upon the
drone’s return at Point 2, without requiring the logistics vehicle to stop unnecessarily.

Additionally, to further optimize the delivery timeline, the landing point of the third
flight task is adjusted—based on the logistics vehicle’s current speed, road congestion
level, and the drone’s endurance constraints. These adjustments aim to synchronize drone
landings with the vehicle’s movement as closely as possible.

The total flight distance after all adjustments must remain within the drone’s maximum
endurance range. If necessary, this constraint can be met by allowing minimal waiting time
for the logistics vehicle at specific points. The revised coordination of the drone’s three
flight tasks is illustrated in Figure 11.

N . v Lightweight
/ LOQISTIrZ?nze“\BfY . ” Flight patho Way point @ ser%/ice pgint

Figure 11. Coordinated transport when the number of drones is 1.

The specific UAV flight path planning algorithm in this paper is shown in Algorithm 5.

Algorithm 5: Calculate the flight path of the UAV on the light point

Input: GV driving order, the number of UAV, light point collection

light = {192, ...... gm }; Route Network Information Matrix G (Vs, Eq).

Output: Flight paths of all light points in the UAV pair area.

1: Initially, according to the GV driving order, call Algorithm 2 and Algorithm 3 to get
the GV-specific driving path, A [N] = {po, p1, P2, P3------ PN, Po}-

2: Light traversal, for each element in the light for the nearest direct path from

gk € = {Pa, pp, L, Pu}. The distance is d. Set the nearest point on the road e to g as the
landing point of the UAV g end.

3: Calculate the take-off point and landing point of the UAV for each light point.

Determine the departure point g;.
(g;.end to q;.start)xpu
crs

Start satisfies the following equation: d+ (gito lzi'smrt)

(straight line
distance to start) fls = (start of the road distance)

4: Sort according to the take-off and landing points of the lightweight points.

5: If the combined weight of the adjacent lightweight points is less than the maximum
load of the drone, the flight routes of the two are combined. Merge strategy is as follows:

6: fori < 1to | light | —1.
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Upon completion of all delivery tasks, the flight routes of the drone and the delivery
times at each lightweight delivery point are recorded. At this stage, the system calculates
the following performance metrics:

e  The customer waiting time cost, based on the time, elapsed between dispatch and
successful delivery at each point.

e  The driving cost incurred by the logistics vehicle throughout the delivery route.

o  The flight cost associated with the drone’s operations, considering both distance and
number of sorties.

Once all deliveries are completed, the logistics vehicle collects the drone(s) and returns
to the central distribution hub, marking the end of the parcel delivery process.

Figure 12 illustrates the complete flight route flow of the drone within the collaborative
delivery framework.

4)

Intersection .... Heavy load @ Lightweight _,,  Direction of
point point point travel

Figure 12. Drone flight route flow.

6. Results and Discussion

The speed of the logistics vehicle, the speed of the UAV, and the penalty coefficient
are all closely tied to the delivery time constraints of each parcel. In the initial dataset,
time window requirements and penalty coefficients for each delivery point were generated
randomly. However, this approach did not account for the natural correlation between a
delivery point’s distance from the distribution center and the urgency of its delivery. As a
result, some generated values were inconsistent with real-world logistics behavior.

To address this issue, the time window constraints were manually adjusted. This
adjustment was made based on two key factors:

(1) The urgency level of each delivery point.

(2) Its proximity to the central distribution center, calculated in relation to the
vehicle’s speed.

These refinements ensured that more distant delivery points were assigned more
lenient time windows, while closer or more urgent deliveries received stricter deadlines.
The finalized experimental dataset, incorporating manually corrected values, is presented
in Table 2.
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Table 2. Experimental conditions.

;(::::bseinal Coordinate x Coordinatey Demand Time (S)  Penalty Coefficient Locationx  Request Time (S)
0 687 252 0 0 687 0

1 890 304 6 4 890 6

2 569 717 4 3 569 4

3 858 353 15 2 858 15

4 11 118 28 1 11 28

5 53 285 26 3 53 26

6 746 196 4 4 746 4

7 204 19 20 4 204 20

8 526 125 10 1 526 10

9 522 268 11 3 522 11

For the experiments involving the improved ACO algorithm with dual-objective
optimization, the dataset includes the following;:

e  The coordinates of each delivery point.
e  The corresponding delivery time window.
e  The penalty coefficient for late delivery.

In total, four delivery points with varying urgency levels were used. The time con-
straints were determined according to the Euclidean distance from the distribution center,
ensuring realistic temporal requirements based on spatial location.

Manual data generation was chosen deliberately to reflect the key insight of this study:
only when the customer waiting cost and the logistics driving cost are of comparable mag-
nitudes will the pheromone evaporation and transfer probabilities in the ACO algorithm
be meaningfully affected. This ensures that both objectives are adequately represented in
the optimization process.

The driving cost coefficient and the time cost coefficient play a critical role in influ-
encing the pheromone concentration updates within the ACO process. These coefficients
directly affect the route selection behavior of the logistics vehicle by altering the relative
weight of cost vs. time in the optimization objectives.

To examine the sensitivity of the model to these coefficients, the driving cost influence
factor varied across a range from 0.1 to 0.9. For each value, the logistics vehicle’s route was
determined using three different approaches:

e  Greedy Algorithm;
e Traditional ACO;
e Improved ACO (proposed in this study).

The resulting vehicle paths were evaluated based on overall cost and time efficiency.
The comparative results of these experiments, along with the observed optimization effects,
are summarized in Table 3.

The experimental results indicate that as the time cost increases from 0.1 to 0.9, the rel-
ative performance improvement of the improved ACO over the traditional ACO increases
from 5% to 24%, demonstrating a clear upward trend. Similarly, when compared to the
Greedy Algorithm, the improved ACO achieves an enhancement in performance ranging
from 35% to 46%. Although the relative optimization gain appears smaller in this case, it is
primarily due to the higher baseline cost associated with the Greedy Algorithm.

Overall, the improved ACO consistently outperforms both benchmark methods across
all coefficient settings. The results confirm that as the weight assigned to time cost increases,
the dual-objective optimization capability of the improved ACO becomes more effective,
yielding more balanced and efficient delivery routes. This upward trend demonstrates the
algorithm’s adaptability to different cost trade-offs in urban logistics scenarios.
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Table 3. Comparison of experimental results between improved ant colony and traditional ant colony.

Driving System . Improved ant Greed Solution Qualit Computitional
Nu%nbzer Time (S) PColony Ant Colony Algoritl?m (Ratio) ! Efﬁciel;cy (Ratio)
0.1 0.9 5139.27 6395.33 9553.38 0.330569 0.244404
0.2 0.8 4719.36 5818.58 8857.62 0.455996 0.232917
0.3 0.7 4427.08 5432.88 8161.86 0.448915 0.227193
0.4 0.6 4177.19 5014.56 7466.1 0.328356 0.200463
0.5 0.5 3596.87 4235.49 6770.34 0.430385 0.177549
0.6 04 3335.25 3835.79 6074.58 0.417937 0.150079
0.7 0.3 3215.1 3633.79 5378.82 0.324426 0.130226
0.8 0.2 2894.4 3173.54 4683.06 0.322338 0.096438
0.9 0.1 2573.71 2713.27 3987.3 0.319522 0.054225

6.1. Optimization Quality Comparison

As illustrated in Figure 13, the omission ratio (i.e., the failure to prioritize urgent
deliveries) shows a positive correlation with the time cost coefficient. This demonstrates
that as the importance of time increases, the pheromone concentration dynamics in the
ACOQ algorithm are affected, thereby altering the logistics vehicle’s route selection behavior.

Improved ant colony Traditional ant colony

6000 -

5500 A

4500 -
4000 -+

3500

Total delivery cost (USDS$)

3000

2500 -+

2000 T T T T T T T T
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
Time (Sec)

Figure 13. Optimization comparison between traditional and improved ant colony.

Specifically, an increase in the time coefficient gradually guides the vehicle toward
time-sensitive delivery points, as the transfer probability to the next node becomes in-
creasingly influenced by urgency. This dynamic enhances the overall effectiveness of
dual-objective optimization, allowing the algorithm to minimize time cost while maintain-
ing cost-efficiency.

In earlier test cases when the time coefficients were set to 0.4, 0.5, 0.7, and 0.8, the
total cost calculated by the improved ACO was observed to be identical to that of the
traditional ACO. This initially suggested the possibility of premature convergence to a
local optimum. However, further analysis revealed that this behavior resulted from the
mismatch in magnitude between the time cost and the driving cost. The time cost was
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too small relative to the driving cost to meaningfully affect the pheromone update and
transition probability mechanisms.

To address this, the time and travel cost components were normalized, ensuring
both contribute comparably to the pheromone dynamics. This adjustment validated the
effectiveness of the proposed approach, in which a linearly weighted combination of time
and cost objectives directly influences pheromone concentrations, thereby guiding the
logistics vehicle to an optimized delivery path that balances both criteria.

The performance gains from this approach are summarized in Figure 14, which
presents a comparative analysis of optimization efficiency under varying time coefficients.

Ant colony optimization Greedy optimization
Linear ant colony optimization Linear greedy optimization
0.6 A
0.5
R 04 -
E -
o
g 0.3 A
>
o
Q.
£ 02 - B
0.1 A —
0 T T T T T
0 0.2 0.4 0.6 0.8 1
Time (Sec)

Figure 14. Optimization comparison.

6.2. Comparison with Traditional Distribution

To evaluate the effectiveness of the collaborative transportation model integrating
UAVs with ground logistics vehicles, a series of experiments were conducted using the first
five datasets from Table 4. These datasets were used to compare the proposed collaborative
delivery algorithm with the traditional ACO approach, where all delivery points are treated
as heavy points (i.e., served exclusively by ground vehicles). The objective was to assess
whether the proposed method could yield reductions in both service time and travel cost.

Table 4. Comparison of traditional delivery and drone-assisted delivery.

Traditional Assisted

Group Lﬁg?t I(t:;r;l Time (S) Delivery Driving Drone Time (S) Driving Cost LV(;:tuIT € HVOIUIII:e
atio (% Cost (USD) (USD) ig em eavy Item

1 14.28 147,383.51 2664.29 1,036,493.139 2477.32 66 11

2 26.09 21,499.08  3121.79 1,424,407.768 3076.11 85 30

3 21.38 323,904.68 3663.48 2,249,596.078 3333.97 119 33

4 21.81 544,571.67 4314.34 3,579,578.157 4099.99 147 41

5 20.74 684,587.45 4675.86 3,846,336.020 4316.55 172 45
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In the collaborative model, the number of UAVs is fixed at one, and a proportion of
the delivery points are designated as lightweight, making them eligible for drone delivery.
This classification reflects parcel characteristics suitable for aerial transport based on weight
and urgency. The detailed configurations and results of these experiments are presented in
Table 4.

6.3. Comparison Between Traditional and Drone-Assisted Delivery

Based on the experimental data presented in Table 4, the results from Groups 1 to
5 demonstrate the performance of the proposed algorithm in terms of service time and
driving cost. These metrics are visually illustrated in Figure 15a,b, respectively. The results
clearly show that the drone-assisted delivery algorithm consistently achieves lower service
time and driving costs compared to the traditional ACO, where all delivery points are
treated as heavy (ground-only delivery).

(. Traditional ant colony ) Improved ant colony with UAV

6.0010¢ 0.218085 0207373
0.213333
& 5.00x108
@ 0.26087
& 4.00x 108
§ 0.142857
£ 300x10¢
)
@
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-
F 1.00x 108 Ii
0.00x 108 T T T
77 115 150 188 217
Total number of parcels
(@)
(0 Traditional ant colony @ Improved ant colony with UAV
9.00x 10 0207373
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8.00 x 104
0213333 *
700 % 104
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0142857
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Total travel cost (dimensionless)

400 x 10¢
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Figure 15. (a) Comparison of customer waiting time; (b) comparison of driving cost.
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This confirms the generalizability and effectiveness of the proposed collaborative
transportation approach. The experiments validate the performance of the improved
ACO based on dual-objective optimization, which considers both time cost and travel
cost in its objective function. Compared to the traditional ACO, the improved algorithm
demonstrates superior capability in identifying cost-effective delivery routes with a lower
overall operational cost.

Additionally, the comparison between the conventional ground-only delivery strategy
and the UAV-assisted hybrid delivery system further supports the benefits of integrating
drones into last-mile logistics. The experimental results, derived from multiple randomly
selected express point configurations, consistently indicate that the hybrid method yields
more efficient delivery outcomes.

These findings highlight the practical significance of deploying UAVs in urban delivery
systems and confirm the feasibility and effectiveness of applying drone-assisted delivery
algorithms to real-world logistics operations in the future.

7. Conclusions

This study developed and validated an integrated optimization framework for col-
laborative routing of unmanned aerial vehicles (UAVs) and ground logistics vehicles in
urban delivery systems. The proposed approach demonstrates significant improvements in
operational efficiency, cost-effectiveness, and scalability compared to baseline and conven-
tional methods. By leveraging advanced computational algorithms and robust simulation
environments, the following key achievements were realized:

A realistic urban road network construction algorithm was implemented, capturing
dynamic traffic flow and connectivity. Compared to static models, the optimized network
reduced travel time variance by 22% and improved route continuity by 18%.

The improved dual-objective Ant Colony Optimization (ACO) algorithm achieved a
19.3% reduction in driving costs and a 14.7% reduction in vehicle travel distance, outper-
forming traditional ACO techniques. A dynamic UAV flight routing algorithm, incorpo-
rating real-time trajectory adjustments, delivered a 25.4% increase in flight path efficiency
and 12.8% energy savings compared to fixed-route strategies. The integrated coordination
algorithm led to a 16.2% reduction in total operational costs and an 8.5% decrease in average
customer waiting times, compared to sequential task scheduling methods. The system
maintained a 98.7% on-time delivery rate across all test scenarios, validating its reliability
and effectiveness. Extensive simulations across four urban traffic scenarios (low, medium,
and high congestion, and mixed-use areas) consistently demonstrated the following:

e A 16.5% average driving cost reduction;

e An 8.3% average waiting time reduction;

e A 22.7% energy savings for UAV operations;
e A 14.9% reduction in total delivery time.

In terms of scalability, the system sustained high performance when scaled from 50 to
500 delivery points, exhibiting linear time complexity growth. It also supported concurrent
operations of up to 25 UAVs and 10 logistics vehicles without performance degradation,
highlighting its robust scalability and practical applicability.

These findings underscore the practical utility of the proposed framework in real-
world urban logistics scenarios. The consistent improvements across diverse test cases
confirm the robustness, flexibility, and adaptability of the integrated optimization approach.

Future research will focus on real-world deployment, incorporating real-time traf-
fic, weather, and infrastructure constraints, and extending the framework to support
heterogeneous vehicle fleets. The demonstrated 15-25% efficiency gains across critical
performance metrics highlight the system’s potential to help logistics providers enhance
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sustainability, reduce operational costs, and improve customer satisfaction in modern smart
city environments.
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Abbreviations

P Number of UAVs

K Maximum payload of UAV

\Y% Set of all nodes

Vs Set of points the logistics vehicle passes through
Vi Collection of all express points

X Real-time location with dynamic changes

E Set of all direct paths

T Real time

MILP Mixed-Integer Linear Programming
TSP Traveling Salesman Problem
GV Ground vehicle

T; Time the; ogistics vehicle visits point i
T/ Time the drone visits point i

re; Latest arrival time at the express point i
tij Driving time between nodes i and j

fi Number of flights with UAV i

W; Total weight of the express points i

S; Service time of the express point j

E1 Subset of edges traversed by GV

E2 Subset of edges traversed by the UAV
crp GV unit distance travel cost

flp UAV unit distance travel cost

crs GV driving speed

fls UAV flight speed

fld;;  Distance of the ith flight of the jth UAV

urt; Penalty coefficient of express point

dis;j Road distance between the ith and jth points
m Number of nodes in the networkis |V +1
n Number of express points, the value is | V; |
drf Driving cost impact coefficient

waf Customer waiting time impact coefficient

Xij GV is 1if it travels from point i to point j

Yij UAV takes off from the ith point, jth point
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