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Abstract: Emergency material distribution, a crucial component of post-disaster emergency rescue,
presents several challenges, including high distribution risk, complex road networks, halted traftic, and
urgent demand. Even though vehicles have a large payload capacity, single-truck distribution models
sometimes fall short of the strict timing requirements of emergency response. On the other hand, drone-
based delivery systems show clear benefits in terms of accessibility, flexibility, and operational
efficiency. The truck—drone synergistic distribution mode offers a unique means of significantly
enhancing the efficiency of emergency supply delivery through resource integration and
complementary advantages. To address this, a multi-vehicle, multi-drone, multi-circuit emergency
material synergistic distribution path optimization model was created. The model aims to minimize the
maximum delivery time among all trucks, while accounting for practical issues like the restriction of
vehicle traffic following the disaster, the satisfaction of multiple demand points per flight, and the
synergistic constraints of trucks and drones. As a solution to this model, the hybrid adaptive genetic
algorithm (HAGA), incorporating dynamic programming, was proposed. The Solomon test case’s
R206, C206, and RC206 data sources were used to evaluate the algorithm’s efficacy. Regardless of
small, medium, or large-scale cases, the results demonstrate that the HAGA can greatly increase the
efficiency of emergency material distribution following a disaster, with a maximum improvement of
15.41% in distribution efficiency and a significant improvement in computational efficiency, with a
maximum reduction of 49.04% in computational time. According to the sensitivity analysis of the
drone parameters, the optimal configuration of flight time and speed significantly improves the system
performance. The proposed method provides insights for low-altitude economic applications and
emergency logistics decision-making.
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1. Introduction

Natural disasters pose severe challenges to emergency logistics operations, including damaged
road networks, transportation disruptions, and surging demand for relief supplies. When roads become
impassable after disasters, truck-dependent transportation systems often fail to deliver essential
supplies to affected communities in a timely manner, resulting in significant casualties and property
losses. The 2008 Wenchuan earthquake, the 2021 Inner Mongolia floods, and the 2023 Jishishan
earthquake in Gansu all underscore this predicament.

The rapid advancement of drone technology offers an innovative solution to this dilemma. Drones,
with their exceptional accessibility and flexibility, can reach areas that are inaccessible to trucks [1,2].
However, their operational range remains relatively limited due to battery capacity constraints [3]. To
overcome this limitation, a collaborative operation model between trucks and drones has emerged.
This model integrates the complementary strengths of both transport modes. Trucks possess high
payload capacity and long endurance, making them suitable for trunk-line transportation. Drones offer
high flexibility and strong penetration capabilities, enabling last-mile delivery. Through resource
integration and collaborative operations, overall transportation efficiency is significantly enhanced.
The core logic of this collaborative model aligns with the principles of cooperative optimization,
attracting increasing research attention [4]. With the rapid advancement of drone technology, their
endurance and payload capacity continue to improve. A single drone flight can now complete multi-
point deliveries, providing greater flexibility and speed for the truck—drone delivery collaboration
model.

This study adheres to the fundamental principle of “time priority” in emergency management.
Addressing the challenge of emergency supply distribution under restricted access conditions, it
leverages the synergistic advantages of truck trunk-line transportation and drone last-mile delivery. A
multi-vehicle, multi-drone, multi-loop collaborative distribution model is constructed, and the HAGA
heuristic algorithm is designed for its solution. The objective is to meet the supply demands of all
disaster-affected locations within the shortest possible time.

(1) Research on truck—drone coordinated delivery route planning

Since Wohlsen first proposed the concept of truck—drone collaborative delivery, this research field
has attracted increasing attention from both academia and industry [5]. Companies such as Alibaba
and JD.com have carried out extensive truck—drone collaborative delivery tests in urban and rural
environments [6,7], while Meituan is currently exploring its application in food delivery services [8].
These practical explorations have stimulated significant academic research on truck—drone route
optimization problems. Existing literature on truck—drone collaborative path planning can be
categorized based on problem complexity, with its evolution progressing from single-truck—single-
drone scenarios to more complex multi-truck—multi-drone configurations.

Early research focused on the single-truck—single-drone problem. Liu et al. pioneered mixed-
integer programming model and a heuristic solution method aimed at minimizing the truck’s return
time to the depot [9]. Building upon this, Huang et al. extended the model by introducing two truck
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behavior modes during drone flight: waiting or continuing along the predefined route [10]. Vasquez et
al. further developed an exact Benders-type decomposition approach, combined with a two-stage
mixed-integer programming paradigm, to achieve efficient coordination between the truck and drone
routes [11]. Other researchers employed diverse solution techniques for single-vehicle—single-drone
delivery path optimization, including mixed-integer linear programming based on the last-insertion
algorithm [12], neighborhood search methods [13,14], and exact dynamic programming approaches
suitable for large-scale instances [15,16]. While these studies established fundamental modeling
frameworks for truck—drone coordination, they remain confined to single-truck scenarios and assume
that drones serve only one customer per flight, failing to fully leverage the potential of modern drone
technology.

With advances in drone technology, researchers have begun exploring configurations where a
single truck carries and coordinates multiple drones, enabling simultaneous launch and oversight of
multiple aircraft—a problem also known as the multi-drone traveling salesman problem [17,18]. For
instance, Zeng et al. investigated path planning for fixed-position Multi-Unmanned Aerial Vehicle
(UAV) deployment from a truck, requiring the truck to remain stationary until all deployed UAVs
completed their missions and returned [19]. More recently, Peng et al. proposed a mixed-integer
programming model allowing the simultaneous launch of multiple UAVs from a truck, supporting
multiple round trips to customer sites per UAV. This model employs a branch-and-bound algorithm
based on finite neighborhood search [20]. Building upon this foundation, Luo et al. further extended
the research by permitting drones to take off and land at any point along the truck’s route and designed
an exact branch-and-bound algorithm based on column generation [21]. While these studies
significantly enhance the operational flexibility of truck—drone systems, they remain confined to
single-truck scenarios and often assume idealized operating conditions, neglecting real-world
constraints such as road disruptions.

(2) Studies on cooperative emergency logistics distribution using trucks and drones

In commercial logistics scenarios, truck—drone collaboration systems demonstrate significantly
superior performance compared to standalone systems. Commercial logistics focuses more on
balancing cost and efficiency. In contrast, disaster relief operations prioritize timeliness and require
the rapid delivery of critical supplies such as food, drinking water, and medicine to victims in life-
threatening situations [22]. Faced with the dual pressures of a drastically reduced road transport
capacity and surging rescue demands, this truck—drone collaboration has become the preferred strategy
for rapid emergency logistics distribution.

To explore how to fully leverage the advantages of trucks’ high payload capacity and drones’
flexibility, Amirsahami et al. established a contactless medical supply delivery system based on truck-
drone collaboration, which significantly enhanced delivery efficiency and coverage [23]. Duan et al.
proposed using trucks as mobile warehouses to support drones in rapid last-mile delivery through
continuous task allocation and dynamic resource reallocation [24]. These studies represent preliminary
explorations into the feasibility and fundamental operational models of truck—drone collaborative
emergency logistics. To address the timeliness of material delivery, Rahimi et al. developed a hybrid
collection-dispatch optimization model based on truck-drone collaboration to reduce post-earthquake
rescue costs and solved it with an improved adaptive large neighborhood search algorithm [25]. For
the real-world scenario of the Sichuan earthquake, Shi et al. applied a mixed-integer linear
programming model to solve the emergency material dispatch coordination scheme for electric
vehicles and drones [26].

Journal of Industrial and Management Optimization Volume 22, Issue 5, 2319-2351.



2350

Timeliness remains the primary objective in emergency supply delivery. Zhang et al. constructed
an integer programming model that integrates dynamic programming techniques to meet the demands
of disaster-stricken areas [27], while Mulumba et al. employed a segmented delivery strategy to build
a multi-vehicle, multi-drone, multi-trip mixed-integer programming model [28]. Both effectively
addressed the efficiency challenges in truck—drone collaborative emergency supply delivery. Sun et al.
enhanced rescue efficiency by proposing a priority-weighted delayed-cost reduction framework within
truck-drone coordination systems [29]. Although these models increase the technical complexity of
emergency logistics optimization, they usually assume idealized operating conditions and overlook the
unique challenges presented by post-disaster scenarios with restricted road access, which is a critical
requirement for emergency supply distribution.

Consequently, recent literature has begun to explore how to optimize truck—drone delivery routes
in complex road network environments characterized by damaged roads and restricted access. Yan et al.
divided disaster areas into restricted zones, no-fly zones, and normal zones, employing shortest path
methods and tabu search algorithms to solve the delivery route optimization problem for a single truck
carrying one drone serving multiple demand points [30]. Zhang et al. addressed emergency supply
scheduling with road damage and congestion, where each truck carries only one drone [31]. Lu et al.
proposed optimizing drone delivery routes for demand points within waterlogged obstacle zones using a
single truck carrying multiple drones [32]. Hu et al. introduced the initial emergency response multi-
truck and multi-drone delivery path problem, where a single drone launch can serve multiple nodes [33].
Liu et al. addressed the optimization problem of coordinating emergency supply routes under constrained
access conditions, where demand is decomposable, and a single drone deployment can serve multiple
nodes [34]. Circular regions are employed to represent areas rendered inaccessible by disasters such
as earthquakes or floods, with each circle’s radius corresponding to the severity of infrastructure
damage. However, the model assumes drones can be launched and received at any point along the
truck’s route, which may pose practical challenges in real-world operations.

The above studies indicate that to address emergency supply distribution in specific scenarios,
the constructed optimization models have become increasingly complex, making their solution more
challenging. To overcome computational bottlenecks, this paper employs the variable-dimensional
particle swarm optimization heuristic algorithm proposed in [35], successfully resolving the two-layer
traveling salesman problem (TSP) for humanitarian logistics in truck—drone collaborative
environments. This approach comprehensively considers distribution center capacity constraints, time
window limitations, and random demand characteristics. The dynamic truck—drone coordination
framework proposed in [36] deepens the theoretical understanding of multi-drone and multi-vehicle
scheduling. However, this complex model faces computational bottlenecks when dealing with large-
scale scenarios. Amirsahami et al. integrated fuzzy programming with the non-dominated sorting
genetic algorithm I (NSGAII) to solve the positioning problem of drones and dispersed facilities in
urban rescue chains, achieving a 75% cost reduction and shorter waiting times [23]. For obstacle
avoidance scenarios, Lu et al. proposed a multi-drone—truck coordination scheme based on a simulated
annealing-whale hybrid algorithm, which improved obstacle coverage by 35% [32]. However, it is still
limited to single-vehicle route planning. Liu et al. designed a variable neighborhood search (VNS)
algorithm to solve a multi-vehicle, multi-drone, multi-loop emergency supply coordination path
optimization model for demand-decomposable scenarios with restricted access, where a single drone
launch serves multiple nodes [34]. Hu et al. addressed the multi-truck—multi-drone delivery path
problem using a VNS algorithm [33]. However, this algorithm shows exponential growth of
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computational time with the problem dimension. That is, it requires a large number of iterations for
large-scale problems, which may result in extended computation time. These studies indicate that while
truck—drone collaborative delivery models theoretically offer “minute-level” response capabilities in
damaged networks, existing algorithms still face significant challenges in simultaneously meeting the
robustness, computational efficiency, and solution quality required for real-time emergency logistics.

In conclusion, existing research has laid a solid foundation for in-depth studies on post-disaster
emergency supply delivery routes. However, further exploration is needed in the following areas: (1)
All the aforementioned literature focuses on single-point delivery during a single drone flight.
However, with the advancements in drone technology, their payload capacity and endurance have
significantly improved, enabling multi-point delivery in a single flight, which is particularly suitable
for small, lightweight items such as emergency medicines and blood supplies. (2) At the algorithmic
level, most studies focus on single-vehicle—single-drone or single-vehicle—multiple-drone delivery
scenarios, while research on multi-vehicle-multi-drone—multi-loop delivery path algorithms remains
limited. (3) Existing literature predominantly examines truck—drone collaborative delivery under ideal
road network conditions. However, the most typical application scenario for truck—drone collaboration
is emergency supply delivery during natural disasters when vehicle access is obstructed. Only a few
studies have explored multi-vehicle, multi-drone collaborative delivery under traffic-restricted
conditions, but their model assumptions and algorithms require further optimization. This research
explores the multi-truck, multi-drone collaborative path problem under constrained conditions. It
allows drones to serve multiple customers per flight and focuses on the unique demands of post-
disaster road access limitations.

Based on the above analysis, this paper investigates the path optimization problem for multi-
truck—multi-drone collaborative emergency supply delivery under restricted access conditions. In this
scenario, demand points in unrestricted areas are served by trucks traveling along circular routes that
cover multiple demand points. Meanwhile, demand points in restricted areas are delivered to by
vehicle-mounted drones, and each drone is capable of consecutively servicing multiple restricted
demand points per flight. This study constructs a multi-truck—multi-drone collaborative delivery path
planning model aimed at minimizing the total emergency supply delivery time. Based on the model’s
characteristics, HAGA, incorporating multiple improvement strategies, is designed as the solution
approach. Numerical experiments demonstrate that this algorithm rapidly obtains high-quality
solutions, significantly enhancing emergency logistics delivery efficiency. The main contributions of
this paper are as follows:

(1) This study proposes a more universally applicable collaborative model of “multiple trucks,
multiple drones, and multiple loops delivery”. This model enables drones to consecutively serve
multiple demand points in restricted-access zones during a single launch while accommodating multi-
loop truck deliveries in unrestricted areas. This configuration better aligns with the practical
requirements for the bulk, multi-point delivery of lightweight goods such as emergency medical
supplies, theoretically enriching the operational scope of truck—drone collaborative delivery.

(2) This study addresses the combined optimization characteristics of multiple trucks, multiple
drones, and multiple loops by designing HAGA with a self-calibration operator. This algorithm not
only enhances search efficiency and solution quality within complex solution spaces but also provides
a new methodological reference for solving such high-dimensional vehicle—drone path planning
problems.
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(3) This study uses “access restrictions” as the core constraint, strictly classifying demand points
into unrestricted zones and restricted zones. Then, it assigns tasks to trucks and drones accordingly,
ensuring that the model accurately captures the transportation characteristics during the initial stages
of disasters such as earthquakes and floods. The findings provide scientific decision-making support
for emergency management departments in formulating coordinated truck—drone delivery plans,
offering direct practical guidance for enhancing the timeliness and reliability of post-disaster
emergency supply responses.

The remainder of this paper is organized as follows: Section 1 presents the research background,
highlighting the challenges of post-disaster emergency logistics and the potential of truck—drone
collaborative systems. It establishes the theoretical foundations of this study and articulates the
research objectives and contributions. Section 2 provides a comprehensive review of the relevant
literature on truck—drone collaborative routing, with an emphasis on studies in both commercial
logistics and emergency logistics contexts. It also identifies the research gaps that motivate this study.
Section 3 describes the research problem in detail, including the problem description, model
assumptions, and the mathematical formulation of the multi-truck—multi-drone collaborative routing
model under access constraints. Sets, parameters, and decision variables are defined separately. Section
4 presents HAGA, which is designed to solve the proposed model. This includes the adaptive
mechanisms for crossover and mutation probabilities, the integration of dynamic programming for
initial solution generation, and detailed explanations of all algorithmic components. Section 5 reports
numerical experiments based on Solomon benchmark instances. It compares the performance of
HAGA with genetic algorithm (GA) and VNS algorithms across small, medium, and large-scale
scenarios, followed by a sensitivity analysis of key drone parameters. Section 6 concludes the paper
with a summary of findings, theoretical and practical contributions, management insights, and
directions for future research.

2. Problem description
2.1. Problem statement

Emergency supplies, including medications and everyday essentials, must be distributed as
quickly as possible to all impacted demand locations during significant pandemics or natural
catastrophes. Certain impacted locations are unreachable to trucks due to restricted road accessibility
in disaster-affected areas, requiring delivery by truck-mounted drones. Delivering supplies to various
impacted locations is the responsibility of the emergency supplies distribution center, which is outfitted
with numerous trucks and unmanned aerial vehicles. Demand points are divided into a set of truck-
accessible locations and a set of truck-inaccessible points (i.e., drone-exclusive points) based on
information about road conditions and crisis situations. To improve delivery efficiency, vehicles
service truck-accessible locations, while drones fulfill demand at truck-inaccessible locations. Trucks
leave the distribution center carrying goods while carrying multiple drones, with the demand at each
affected point not exceeding the drone payload capacity limit, based on information on road distances
and damage conditions in each disaster zone, locations of emergency supply demand points, demand
quantities at each point, service times, truck speed and payload capacity, and drone flight speed and
payload capacity. To cut down on overall truck delivery time, trucks at drone launch locations first
launch drones before completing their own maintenance tasks. They then proceed to the next affected
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area. Within the limitations of their payload and range, drones transport cargo to several areas close to
the launch point that are inaccessible by trucks. The vehicle completes its servicing task at the receiving
area prior to retrieving the drones. When the commencement time is set to zero, every car and drone
leaves the distribution center simultaneously. As shown in Figure 1, both trucks and drones must return
to the distribution center after finishing delivery missions at all impacted locations.

o Truck-accessible point
O Truck-inaccessible point

4 Drone
ﬂ Truck

— Truck itinerary

--->Drone itinerary

Figure 1. Dynamic coordinated emergency supply distribution via multi-truck—multi-
drone. Note: Solid lines indicate truck routes, while dashed lines indicate drone flight paths.
The truck departs from the distribution center and launches the drone at demand point @
in the general area. After the drone consecutively serves demand points @W®&® in
multiple restricted-access zones, it returns to rendezvous with the truck at the subsequent
service point @. Following drone launch, the truck continues forward to serve other
demand points in the general area, enabling simultaneous vehicle—drone operations.
Multiple trucks and drones operate concurrently to collectively cover all demand points,
demonstrating dynamic coordination across three levels: task allocation, launch/recovery,
and parallel operations.

2.2. Model assumptions

The following assumptions are made for the model in order to define the extent of the research
problem:

(1) A truck or a drone must visit each disaster-affected area precisely once. Truck-accessible
points and truck-inaccessible points are only supplied by trucks and drones, respectively, to reduce the
operational dangers and scheduling complexity of drones.

(2) The demand at each disaster-affected point is less than the load capacity of both trucks and
drones. Multiple demand points can be served by a single drone deployment; trucks can launch and
recover multiple drones at a single service station; and drones are not allowed to land on trucks other
than their launch platform.
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(3) Each truck can carry multiple drones. Drones can only be launched and retrieved at affected
points or the distribution center and cannot be launched or retrieved while the truck is in motion.

(4) Drones are launched, and a truck moves on to the next available disaster-affected area. The
drone returns to meet the truck at its current or next service stop after finishing its delivery mission
from a single launch, when its battery is changed for the subsequent mission; the battery swap time is
regarded as insignificant.

(5) Drones and vehicles both move at steady speeds. Every truck has the same maximum load
capacity and is not limited by trip distance. Each drone is of the same model, can be launched more
than once, and has a maximum range determined by battery capacity.

To ensure that all disaster-affected areas receive the necessary supplies while achieving the fastest
emergency response time and the maximum distribution resource utilization rate, the following
elements need to be taken into account while designing truck and drone routes: 1) all disaster-affected
locations must be serviced, and 2) the overall time needed to finish delivery to all impacted locations
must be reduced. As such, how can we dynamically plan coordinated distribution routes for trucks and
drones to reduce the overall emergency material distribution time, given that all trucks and drones
leave the distribution center and have to return to their original depot after servicing all disaster-
affected locations?

3. Model construction
3.1. Notations and variable description

The sets, parameters, and decision variables in the model are listed in Tables 1, 2, and 3,
respectively.

Table 1. Definition of sets.

Symbol Definition

C={L2 K The set of disaster-affected points that can be reached by trucks

Cp={L2 1} The set of disaster-affected points that cannot be reached by trucks
C=C,uC,ufok+/+1}  The complete set of nodes, where 0 and c+1 denote the distribution center
G The set of arcs, which are pairs of nodes (i, /)

K The set of trucks available for the operation

F The set of drones deployed in the mission

Q The set of launch points

R The set of receiving points

Table 2. Definition of parameters.

Symbol Definition

G The maximum payload capacity of the drone
g The curb weight of a single drone

Vi The traveling speed of the truck

/ The cruising speed of the drone
/ The maximum flight endurance range of the drone
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Table 3. Definition of variables.

Symbol

Definition

kf
Xij

y

»
y iif

L/

The number of trucks
The number of drones

The number of drones carried by truck k, ieC,,ke K

The relief demand at disaster-affected node i, icc, U C,

The service time required at disaster-affected node i, iec, v,
The congestion radius of blocked region i, iec,

The service time of truck k at disaster-affected node i, i C;,keK
The service time of drone f at disaster-affected node 1, icc,,f e F
The Euclidean distance between node i and node j, 7,j€C,i#j
The time required for truck k to traverse the arc (i, ), i,jeC;,keK

The flight duration of drone f along the arc (i, j), i,jeC,,feF

The specific moment when truck k sets off from node i, ieC,,ke K

The specific moment when drone f sets off fromnode i, iec,,feF

The elapsed time starting from the moment when truck k departs from the distribution
center and ending at the time when it finishes its service at node i, ieC,,ke K

The time elapsed from the moment when drone f departs from the distribution center until
it finishes its service atnode 1, ieC . f€F

The specific moment when drone f takes off fromnode i, ieC,, /e F

The recovery duration of drone fatnode i, icC,,feF

The duration for which the truck waits at node 1, ie C;,keK
The duration for which the drone waits at node i, ieC,,feF

0-1 variable equal to 1 if truck k traverses arc (i, ) (i.e., departs from node i and arrives
at node j), and 0 otherwise, where i, jeC,,keK,i# j

0-1 variable equal to 1 if drone f traverses arc (i) (i.e., launches from node i and flies
to node j), and O otherwise, whereic ¢, jeC,, feF,i#

0-1 variable equal to 1 if truck k serves disaster-affected node i, and 0 otherwise, where
ieC,kekK

0-1 variable: 1 if drone f on truck k services disaster point i, 0 otherwise, where
ieCpfel

Variable 0-1: If drone f on truck k flies along arc (i,j), i.e., the drone launches from point
1 and flies to point j, it is 1; otherwise, it is 0; where (i,j)eG,keK,feF,i#j

The flight time of drone F along arc (i, j) on truck k, where (i,/)eG.keK,feF,i#j

0-1 variable: set to 1 if drone f on truck k is launched at point i and retrieved by the truck
at point j; otherwise, set to 0; where (i,))eG,keK,feF,i#j

The remaining flight range of drone f upon departing node i, icC,,feF

0-1 variable equal to 1 if truck k launches drone f at disaster-affected node i, and 0
otherwise, where ieC,,keKk, feF.

0-1 variable equal to 1 if truck k recovers drone f at disaster-affected node i, and 0
otherwise, where ieC,,keKk, feF.
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3.2. Model formulation
3.2.1. Objective function

During catastrophes, emergency logistics distribution activities must meet all disaster-affected
points’ needs as soon as possible. Consequently, the objective function of the model is set to minimize
the time taken by the truck that takes the longest time to complete the distribution task of all affected
points, which is [31]

(1)

: k
minZ = max{f;, ;41 }iex

3.2.2. Constraints

(1) Vehicle limitations
In this section, we delve into the specific limitations of the vehicle. These limitations significantly
impact the performance, functionality, and overall operation of the vehicle.

D oxh =1 (VjeCy) )
keK
D= % (Vk € K) 3)
ieCy JjeCy
Zx_l;'qi+Z(Zx;f'%+ﬁc'gf)SGk VikeK 4)
ieCy feF lECf
k k
_ sz-m = mej VmeC,,VkeK (5)
ieC, L0 jeCp 0
‘ v 4y .. ..
t; =, +v_)x’7 Vi,jeC,U0,i# j,VkeK 6)
k
nf =t +s" +6 VieC,W0,VkeK, V6, >0 (7)

Equation (2) represents that each truck-accessible point must be served exactly once by a truck.
Equation (3) represents that the delivery route of each truck must start and terminate at the distribution
center. Equation (4) ensures that the total weight of the truck along with all loaded equipment,
including drones and materials, does not exceed its maximum payload capacity. Equation (5)
represents the flow-conservation constraint, requiring that a truck entering a node must subsequently
depart from it. Equation (6) defines the arrival time of the truck at a given node. Equation (7) defines
the departure time of the truck from a given node.

(2) Drone constraints

N x -1)=0 VjeC,keK,feF )

ieC,
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xj?f-(zxﬁ._l):o VieC,keK,feF (9)

ieC,

x/-q;,<G, YfeFVieC,

=~ (10)
f f
xl:m = 'x;n'
ieq;fuo _;ecké,.ug VmeC, Nf eF (11)
Ll=L,-y/ VkeKNfeF\VieC, U0 (12)
Li=Ll-d;-x] NfeF\VijeC,uC, U0 (13)
roonf iy g w i
t = +v—)x;j Vi,jeC,UC,V0,i% j,Vf eF (14)
S
n/ =t/ +s’ x| VieC,NfeF (15)
(L] —d;-x])-27 VkeK,NfeF,NieC,,jeC, U0 (16)

Equations (8) and (9) represent the drone traffic conservation constraint, meaning that after
delivering emergency supplies to disaster-stricken point j, the drone must depart from point j.
Inequality (10) indicates that the total demand for all disaster-stricken points served by drone f
launched from node 1 must not exceed the drone’s maximum payload capacity. Equation (11) imposes
the flow-conservation constraint, requiring that a drone departing from any affected area must be the
same one that entered it. Equation (12) specifies that the drone’s battery must be fully charged at the
moment of each launch. Equation (13) defines the remaining flying range of the drone after it travels
from node 1 to node j. Equation (14) defines the drone’s arrival time at a node. Equation (15) defines
the drone’s departure time from distribution node i. According to inequality (16), the remaining flight
range of drone f after returning from node 1 to the truck service station j must be non-negative.

(3) Truck—drone coordination constraints

Zx,{;» = ijfl Vm,l e{O}uCk,lZm,erF (17)
ieCy JeCy
pl =ty VieGUOLVkeK Vf eF (18)
=(ts+s5)2¥  VieG U0, VkeK,Vf eF (19)
0f = max(((} +s5) -/ +"Y )z 0)  VjeC,VieC, VkeK,VfeF (20)

6/ = max(((7/ +/) (5 +55) 2700 VjeC.VieC, VkeK,YfeF

€2y
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0= 2,2 2.(0/+0)) (22)

i,jeC, keK feF

Equation (7) dictates that a drone launched from the distribution center or a truck must return to
the distribution center or truck after completing its delivery to drone-exclusive nodes. Equation (18)
ensures that the launch time of the drone from node j is synchronized with the truck’s arrival time at
that node. The drone recovery time at node j is defined by equation (19) as the total of the truck’s
service time and arrival time at node j. Equation (20) defines the waiting time of trucks at node j for
drone landing. The drone’s waiting period for truck availability at node j is defined by equation (21).
The entire waiting time resulting from truck—drone synchronization is measured by equation (22).

(4) Other variable constraints

xe{0L, xjelol . x {0l | f e ywWeloly, 27 e{on (23)
The decision variables are subject to domain limits by equation (23).
4. Algorithm design

In this scenario, the distribution center can send out several vehicles at once, each carrying several
drones, to carry out delivery duties along various routes. As a result, a vehicle routing problem (VRP)
can be used to simulate the truck routing problem. A drone operating from a truck stop, repairing
impacted locations, and then returning to a truck or the distribution center is similar to a TSP. Due to
its complexity, the problem as a whole is categorized as NP-hard, since it is a very complicated
combinatorial optimization problem. This paper suggests HAGA, combining dynamic programming
and GA concepts based on the features of the problem and model. Below is a presentation of the
comprehensive algorithmic framework:

(1) Drone launch site selection and task distribution: Select drone launch sites from truck-
accessible places and assign individual drones delivery missions for non-truck-accessible points. (2)
Chromosome encoding: To sequentially encode the order of truck and drone node visits, use a two-
dimensional integer encoding approach. (3) Initial population construction: Randomly generate initial
truck delivery routes using a greedy strategy, then solve drone delivery routes via integer programming.
(4) Fitness function design: Based on the node sequence along the truck delivery route, use the nearest
neighbor node algorithm to determine the initial drone delivery path. (5) Selection operation: To
preserve population quality and speed up the optimization process, choose individuals with greater
fitness to join the next generation. (6) Crossover: This technique effectively explores potential optimal
solutions in multi-truck, multi-drone emergency supply route optimization situations by generating
offspring by mixing information from two or more current people. (7) Mutation operation: Randomly
alters portions of genes within an individual’s chromosome to introduce novel solutions. The
population size increases when created individuals are subjected to mutation. This method improves
overall optimization performance and speed by striking a balance between local and global search
capabilities. Figure 2 shows the specific algorithm.
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Figure 2. Flowchart of the HAGA for the multi-truck and multi-drone system.
4.1. Selection of drone launch points and task allocation

Determine the separation between each drone’s designated point and every truck-accessible point.
Choose the closest location that can be reached by the vehicle to launch the drone. Depending on how
many drone task points each launch point is in charge of, task allocation can be split into two scenarios:

(1) Each task point is allocated to one drone, meaning that one drone serves just one task point,
if the number of drone task points given to a launch site does not exceed the number of drones
transported by the truck.

(2) If the number of task points assigned to a launch point exceeds the number of drones carried
by the truck, some drones must serve multiple task points. In this case, generate a set of drone delivery
task points while satisfying the constraints of drone payload capacity and endurance range.
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4.2. Chromosome encoding

The following structure is used in a two-dimensional integer encoding scheme: The truck’s
delivery route is shown in Part 1, which lists the node indices it visited in order. In this case, the
distribution center is indicated by 0. The choice of drone launch locations is shown in Part 2, which is
made up of Os and 1s, where 1 denotes a drone launch site, and 0 denotes one that is not. Figure 3
illustrates the chromosomal encoding structure using the route taken by three vehicles visiting 16
catastrophe areas as an example.

Truckl Truck? Truck3

Truckdeliverysequence [0 | 1 | 7|8 |9 |6 |0 (4|23 |515|16 |0 10|11 12|13 0

Isthisadronelaunchsite? | 0 | O | O [ 1 | O] OO 10|01 0 0 0 0 1 0 0 0

Figure 3. Schematic diagram of solution encoding.
4.3. Construction of the initial population

Program runtime can be shortened, and optimal or adequate answers can be obtained quickly with
high-quality initial solutions. Since the delivery locations of both trucks and drones are known, the key
to solving the multi-truck—multi-drone dynamic collaborative delivery problem is figuring out the
launch and reception locations of the drones as well as scheduling their wait times. This study suggests
a two-stage initial solution generation mechanism to handle this: (1) Use heuristic algorithms to
quickly create the initial truck delivery routes; (2) use dynamic programming to create accurate drone
delivery routes to create a high-quality initial population.

(1) Initial truck routes

The initial truck route constitutes a classic VRP problem. To prevent premature convergence of
the algorithm, the initial population construction strategy employs greater diversity: 40% of solutions
utilize a universal heuristic algorithm designed with a greedy approach to determine the initial delivery
routes for vehicles, and 60% of solutions are randomly generated, ensuring diversity within the initial
population. The steps for designing truck routes using the greedy approach are as follows:

a. Initialization preparation: Randomly rearrange all truck-accessible points to form a set of
accessible points C,, add all these points to the unassigned set U, =C;, and initialize an empty truck
pathset 7, ={}.

b. Initialize truck route: Starting from distribution center 0, initialize a current route »={0} and
set the truck’s initial remaining capacity.

c. Select the next truck-accessible point: For the final node of the current path, compute its
distance to all unassigned truck-accessible points iU, . Under the constraint ¢, <g, (truck capacity),
select the nearest truck-accessible point i*. If no qualifying truck-accessible point exists, terminate
the current truck path and return to distribution center 0.

Journal of Industrial and Management Optimization Volume 22, Issue 5, 2319-2351.



2361

d. Update path: Add the selected truck-accessible point i* to the current path r, where »=10,i"}.

Update the truck’s remaining capacity g,,, =¢, -4, . Remove the affected point " from the
unassigned set U, .

e. Completion path: If all reachable points have been assigned or the current vehicle capacity is
insufficient, return the current path to distribution center 0, i.e., »={0}, add this path r to the path
set R, and then initialize a new path and return to step 2.

f. Termination: When the unassigned set U, =¢, the algorithm terminates and returns the path set
R, , thereby generating an initial solution for the truck delivery routes.

(2) Initial drone route generation

Since drones only serve a limited number of delivery points within the truck-restricted zone, this
paper employs an exact algorithm to generate the initial drone delivery routes.

Considering the distribution of delivery points, drone route planning is divided into the following
two scenarios:

a. When the number of demand points does not exceed the number of drones, the corresponding
number of drones can be dispatched directly from the launch point to perform delivery tasks, with each
drone serving only one demand point.

b. When the number of delivery points exceeds the number of drones, a single truck may need to
carry multiple drones to complete the delivery task. Since the time drones spend waiting for trucks
does not affect the objective function, this paper disregards it and only accounts for the time cost
incurred by trucks waiting for drones. In this scenario, dynamic programming is employed to plan the
drone delivery routes. Truck waiting time 6 = max {O,zf -z }

Steps for dynamic path planning of drones:

Step 1: Evaluate feasible paths and calculate their costs. For any task subset S and receiving point
i, compute the total flight distance D(S,i) required for the drone to complete that task set. The

collaborative time w(S,i) generated by the drone waiting at receiving point r is calculated as follows:
If the path satisfies constraints such as drone endurance and payload capacity, (S,i) is considered a
feasible combination, and its corresponding waiting time ¢/ is computed.

Step 2: Establish a dynamic programming state transition model. Use a bitmask to represent the
set of completed tasks; f(mask) denotes the minimum maximum waiting time when the task set mask

is completed, and A(mask) denotes the task reception point allocation scheme corresponding to the

mask. For any state mask, enumerate all feasible task subsets S and reception points i. If combination
(S,i) is a feasible scheme, transition from state mask\S to state mask and update the optimal value

according to the following formula:

f(mask) = min _ max{f(mask \ ), w(S,i)} (24)

Scmask,ieR,(S,i)eQ

where R denotes the set of receiving points, Q represents all feasible combinations satisfying the
constraints, and the initial state must meet the corresponding conditions f(0)=0.

4.4. Fitness function design
In the HAGA for truck route planning, a fitness function is designed based on the optimization
objective to evaluate each individual’s performance within the problem domain. The objective is to

minimize the total time spent by the truck with the longest delivery time to all disaster-affected points.
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The fitness function can be designed as a negative objective value: Fitness Function= —max{tik }ieck .In

order to deal with constraint violations and make sure that those who do so are excluded during
selection, a very large penalty factor M is added. For instance, if a delivery plan violates constraints
such as drone flight distance limits or truck load capacity limits, M is added to its fitness value:
Fitness ~ Function = —max{ﬁk },e oM z violations ; , where violations, denotes the number of violations of

/)
1

constraint i, and M is a sufficiently large integer.

4.5. Adaptive crossover and mutation probabilities

In genetic operations, the crossover probability P and mutation probability P, are critical to

algorithm performance. Traditional genetic algorithms employ fixed probabilities, which can easily
destroy high-quality solutions in later generations [37,38]. In light of this, the proposed HAGA
algorithm dynamically adjusts crossover and mutation probabilities based on changes in individual
fitness values across different evolutionary stages.

(1) Evolution stage division

Let g denote the current evolution iteration and G,,, the maximum iteration count. The evolution

stage is defined as:

g
Fy= 25
¢ Gmax ( )
Stage-dividing function:
exp loration  ,p, <0.3
S(P,) = transition ,03<p, <07 (26)

exp loitation  ,p, 20.7

The parameter ranges for each phase are specified in Table 4.

Table 4. Parameter range for each phase.

Phase Phase progress Range crossover rate Mutation rate
Exploration [0,0.30) [0.80,0.95] [0.10,0.30]
Transition [0.30,0.70) [0.70,0.85] [0.08,0.20]
Exploitation [0.70,1.0] [0.60,0.75] [0.05,0.10]

(2) Improvement rate calculation

Definition 1 (population diversity measure): Let &(g) denote the diversity index of the gth
generation population.

Definition 2 (improvement rate): Let w =10 represent the sliding window. The improvement rate
is defined as

— féjesz‘ (g B W) B féjesz‘ (g)
fbest (g - W)

P(g) (27)

where f,,,(g) denotes the optimal fitness value of the gth generation.
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Definition 3 (diversity adjustment factor):

Odiv =[6(2) 2 Sppresiona] (28)
Where 8,0z =0.3, II[-] is the indicator function.

Case 1: Fitness improvement ( f},,(g) < fresr(g—1))

in(p,(g)+0.03, p™™),0,, =1
P +1)= {m?n(pc (8)+0.03,p™).0, 29)

min(p,(g)+0.02, p),**), 045, =0
Pm (g n 1) _ {max(pm (g) - 0029 Pm )7adiv =1 (30)

max(pm (g) + 002’ p;?z‘lax )’ adiv =0
Case 2: No improvement and stagnation ( f},,,(g) > fj.(g -1 Ap(g) <0.01)

P,(g +1) = max(P.(g)-0.05,P™™") (31)
P,(g+1)=min(P,(g)-0.05, ") (32)

4.6. Improved cross-operation

The crossover operation uses the edge recombination crossover method to increase the quality
and stability of paths, prevent premature convergence, avoid creating duplicate nodes, promote
population variety, and better retain the structural consistency of parent paths. Here, a mutation
probability is introduced to encourage the combination of advantageous genes when population
diversity is too large. The specific steps are as follows:

Where diversity is the current population’s diversity measure, o is the adjustment coefficient, and
is the baseline mutation probability. The following are the precise operating steps:

Figure 4 displays the two parent pathways prior to the operation.

o
=
~
oo
©0
o))
N
w
o

Complete parent Vehicle route 10 4
population 1 Droneitinerary | O | O[O |1 |]0]|]O0O|O0]21[0|(0]O

Figure 4. Two parent paths before the crossover operation.

Edge recombination graph of the parents: 0—1, 1 =7, 78, 8—9,9—6, 6—>10, 10—4,4—>2,2
—-3,3—0

Edges selected from Parent 1: 0—1, 1—=7, 78, 89

Through edge selection, a new offspring path is generated by sequentially connecting the chosen
edges from the parent paths.

Offspring 1 (Figure 5):
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oO|11|7|8|9|6|10(1(4(2|3]0
0J]0)J]0]J0|1]0]J]0O[Of[1[0O0f0]O0

Figure S. Path of offspring 1 generated via edge recombination crossover.

Corrected offspring path 1 (shown in Figure 6):

oO(7]18]9]|6(10(1|4]|2]|3]|0
0o(f0j0jJ1]0]J]0]J]O]J1]0O0]O]O

Figure 6. Corrected path of offspring 1.
4.7. Improved mutation operations

Four mutation operations are applied to truck paths, with adaptive transformations based on the
algorithm’s implementation progress. After a new truck route is generated, the exact dynamic
programming procedure described in Section 4.3(2) is invoked to optimize the corresponding drone
route and form a complete chromosome.

The specific transformation strategies are as follows:

(1) Adaptive mutation operator selection

Let the set of mutation operators be denoted as M ={M,,M,,M;,M,}, with the corresponding

operations listed in Table 5.

Table 5. Operations of adaptive variation operators.

Operator Operation
M1 2-opt

M2 Reverse
M3 Insert

M4 Relocate

(2) Weight update mechanism

Let w(” denote the weight of mutation operator i in generation t, satisfying:

> W =L (33)

Step 1: Calculate the success rate

()

0 =25 (34)

1 al(t)
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Where s represents the number of successful attempts, and 4« represents the total number of

attempts.
Step 2: Calculate the average improvement rate.

1 Yl
i = Kol K=ilik (35)

Normalization improvement rate:

t
1O = i

" maxd+e (36)
J
Step 3: Perform the comprehensive calculation
0" =0.7-7" +0.311" 37)
Step 4: Weight update (exponential smoothing)
6"
wit =0.7-w{" +03- ———
Z o0 (38)
Jj=1
Step 5: Normalization
Wi(Hl) _ 4Wl_(l+1)
39
z Wyﬂ) ( )
Jj=1

Taking the reverse as an example, the operational process is illustrated in Figure 7.

Complete parent Vehicle route 0 1 7 51984 2 310
population 1 Drone iltinerary 0j0jO0f1 i 0({1({0]0]|O0
Offspring Vehicle route 0 1 8 9 5 7 4 2 3 0

population 1

Complete offspring  Vehicle route 01189
population 1 Droneitinerary | O | O |1 0| O

7
5

Figure 7. Mutation operation process.

While keeping the truck path codes unchanged, perform a swap mutation operation on the drone
paths to generate new drone path codes. This process creates new chromosomes by maintaining the
truck path codes while applying the swap mutation to the drone paths. This operation enhances
population diversity, enabling newly generated individuals to possess stronger exploration capabilities

Journal of Industrial and Management Optimization Volume 22, Issue 5, 2319-2351.



2366

within the solution space. Simultaneously, it ensures generated solutions are valid and more optimal,
thereby improving the quality of emergency supply distribution plans.

4.8. Termination conditions

To obtain high-quality solutions within reasonable computational time, the HAGA algorithm
employs a preset termination criterion based on the maximum iteration generation. When the
population evolution reaches the preset maximum generation G,,,, the algorithm automatically
terminates. This mechanism prevents infinite algorithmic runs and ensures satisfactory solutions
within finite computational time.

For constraint handling, a sufficiently large penalty factor P is employed. This ensures that
infeasible solutions receive significantly lower fitness scores during evaluation, effectively eliminating
them during selection. Simultaneously, the magnitude of the penalty is carefully controlled to prevent
excessive distortion of the search process due to overly stringent punishment.

5. Case study testing and result analysis
5.1. Data sources

The data sources used were R201, C201, and RC201 from the Solomon case studies as the
foundation for large-scale simulations. Smaller-scale simulations were then derived by reducing the
number of points in the original case studies [39]. The large-scale simulation defines 100 affected
points, the medium-scale simulation defines 50 affected points, and the small-scale simulation defines
25 affected points. The distribution center is designated as node 0. Distances between nodes are
calculated using Euclidean distance. Specific parameter settings are detailed in Table 6, with
congestion zone configurations based on Liu Changshi’s methodology [34].

Table 6. Baseline parameter configuration.

Parameter Value

Truck speed 50 (km/h)

Truck payload 500 (kg)

Truck service time 90 (s)

Drone speed 50 (km/h)

Drone payload 50 (kg)

Drone flight endurance 25 (km)

Drone service time 60 (s)

Drones per truck 3

Blocked region 1 Center: (10,40), Radius: 6
Blocked region 2 Center: (55,35), Radius: 7
Blocked region 3 Center: (46,10), Radius: 8
Blocked region 4 Center: (60,60), Radius: 9
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5.2. Test analysis

The suggested HAGA is implemented in this study using PyCharm Community Edition 2024.1 as the
development environment. Three algorithms, GA [34], VNS [33], and HAGA, were used to solve the
model and fully assess HAGA’s performance. All comparison algorithms (GA, VNS) were run in the same
development environment to guarantee fairness. The same termination conditions used in the HAGA
method were used with the other algorithms, and preliminary experimental tweaks were made to optimize
their parameters (such as population size and number of iterations). The details are as follows:

Based on the standard Solomon test set, nine test cases were selected from [39]: R206, C206, and
RC206 at small, medium, and large scales. For small and medium-scale cases, the population sizes
were 25 and 50, respectively, with 400 iterations. The program terminated if fitness failed to improve
after 80 iterations. For the large-scale test cases, the population size was 100 with 200 iterations; the
program terminated upon reaching the iteration limit. To mitigate randomness, each test case
underwent 10 independent solves. Among the 10 solution results, the minimum delivery time was
recorded as the optimal value; the average of the 10 delivery times served as the solution mean; and
the average of the 10 solution execution times represented the average runtime. The following metrics
were defined: a denotes the improvement rate of the optimal solution, B represents the
improvement rate of the solution mean, and 0 indicates the reduction rate of the average runtime.

(1) Case solution on a small scale

Small-scale case studies were solved using the standard Solomon test set comprising RC206(25),
R206(25), and C206(25). Specifically, RC206(25) contains 21 truck task points and 4 drone task points;
R206(25) contains 21 truck task points and 4 drone task points; and C206(25) includes 20 truck task
points and 5 drone task points.

a. Validation of the HAGA algorithm’s effectiveness

To validate the effectiveness of the HAGA algorithm, this paper employs the OR-Tools solver to
solve small-scale instances C201, R201, and RC201. The optimal solutions obtained from OR-Tools
serve as the baseline for comparison with HAGA’s results. For HAGA, each instance was run
independently five times, recording the optimal value and average value. The comparison results are
shown in Table 7.

Table 7. Comparison of OR-Tools and HAGA'’s solution results.

Data type OR-Tools (optimal) HAGA best Best gap (%) HAGA mean Mean gap (%)
C201 473.90 473.90 0.000 473.90 0.002
R201 366.14 366.14 0.000 366.14 0.000
RC201 523.07 523.07 0.000 523.07 0.000

Bast 1464 — optimumog_r,4

OptimumOR—Taol

Here, Gap(%)= x100% .

Table 7 shows that OR-Tools obtained optimal objective values of 473.90, 366.14, and 523.07 for
C201, R201, and RC201, respectively. HAGA’s optimal results for all three instances perfectly
matched those of OR-Tools, with corresponding optimal solution deviations of 0.00%. Based on the
average results from five runs, the average deviation for R201 and RC201 is 0.00%, while C201 shows
an average deviation of only 0.002%. This demonstrates that HAGA achieves results consistent with
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or extremely close to those of an exact solver on small-scale problems, thereby validating its
computational effectiveness.

b. Comparison of the HAGA, GA, and VNS heuristic algorithms

The HAGA, GA, and VNS algorithms were each applied to solve each case study through 10
independent experiments. To eliminate randomness effects, the minimum delivery duration was
ultimately selected as the optimal solution. Detailed results are presented in Figure 8 and Table 8.

The Delivery Route for RC206(25) The Delivery Route for R206(25)

Legend:

Vehicle restricted zone
& x
o

Truck task points

A Drone task points
mmmmmm  Vehicle route 1

Drone itinerary

The Delivery Route for C206(50)

Figure 8. Delivery-route illustration for small-scale instances.

Table 8. Computational results for small-scale instances.

Solving method ~ Optimum (min) a (%) Mean (min) B (%) Avg. time (s) 0 (%) # Trucks

RC201(25)
HAGA 523.07 - 523.07 . 4.59 - 1
GA 523.07 0 523.07 0 543 15.5 1
VNS 523.07 0 523.07 0 59 222 1
R201(25)

HAGA 366.14 - 366.14 . 6.01 - 1
GA 366.14 0 366.14 0 7.24 17 1
VNS 366.14 0 366.14 0 8.13 26.1 1
C201(25)

HAGA 4739 ; 473.91 - 4.09 - 1
GA 473.9 0 473.91 0 5.79 29.4 1
VNS 473.9 0 473.91 0 533 233 1
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Figure 8 and Table 8 present the results for small-scale test cases. The experimental findings
indicate the following: (1) For the small-scale RC206, R206, and C206 test cases, the path results
obtained by the HAGA, GA, and VNS algorithms are consistent. (2) In the R206(25) case, both the
optimal value and the mean solution obtained by HAGA are essentially consistent with the results from
the traditional GA algorithm and the VNS algorithm in [33]. (3) The average runtime of the HAGA
algorithm is significantly reduced, shortening by 15.5%-29.4% compared to the GA algorithm and by
22.2%—-26.1% compared to the VNS algorithm.

(2) Case solution on a medium scale

Computational tests are conducted using medium-scale cases from the standard Solomon
benchmark suite: RC206(50), R206(50), and C206(50). In particular, there are 43 truck task points and
7 UAV-served nodes in RC206(50), 43 truck task points and 7 drone task points in R206(50), and 42
truck-served nodes and 8 drone-served nodes in C206(50). The best answer is determined by solving
each case independently 10 times and recording the lowest objective value. Table 9 and Figure 9 show
the computational results.

S %

The Delivery Route for RC206(50) The Delivery Route for R206(50)

Legend:

Vehicle restricted zone

® x
® Truck task points

A Drone task points

mmmmmm  Vehicle route 1
Vehicle route 2

Drone itinerary

The Delivery Route for C206(50)

Figure 9. Delivery-route illustration for medium-scale instances.
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Table 9. Computational results for medium-scale instances.

Solving method Optimum (min) a (%) Mean (min) B (%) Avg. time (s) 0 (%) # Trucks
RC201 (50)

HAGA 357.14 - 361.21 - 17.17 -

GA 362.73 15.41 408.7 11.62 21.09 18.59
VNS 385.63 7.39 406.63 11.17 23.12 25.74
R201 (50)

HAGA 304.87 - 304.87 - 10.05 -

GA 304.87 0 304.87 0 15.32 344
VNS 304.87 0 304.87 0 19.72 49.04
C201 (50)

HAGA 354.07 - 355.95 - 20.26 -

GA 361.42 2.03 378.35 5.92 24.01 15.62
VNS 388.2 8.79 390.14 8.76 29.24 30.71

The following are the results of the medium-scale case studies, as shown in Figure 9 and Table 9:
1) In the RC206(50) and C206(50) cases, HAGA’s average delivery time outperformed both the
traditional GA algorithm and the VNS algorithm, achieving reductions of 8.77% and 9.97%,
respectively; in the RC206(50) and C206(50) cases, HAGA’s minimum delivery time was reduced by
an average of 8.72% and 8.09%, respectively, in comparison to the GA and VNS algorithms. 2)
HAGA’s average runtime was 22.87% and 35.16% lower than that of the GA and VNS algorithms,
respectively, in the RC206(50), R206(50), and C206(50) test cases. All things considered, the HAGA
algorithm successfully increases delivery efficiency and decreases solution time.

(3) Case solution on a large scale

Large-scale case solution testing was performed on RC206(100), R206(100), and C206(100)
using the standard Solomon test suite. In particular, there are 81 truck task points and 19 drone task
points in the RC206(100) case, 80 truck task points and 20 drone task points in the R206(100) case,
and 80 truck task points and 20 drone task points in the C206(100) case. The smallest value was chosen
as the best solution after each test case was solved 10 times. Table 10 and Figure 10 present the findings.

The results from the three large-scale test instances in Table 10 and Figure 10 demonstrate that
the HAGA algorithm outperforms GA and VNS in both solution quality and computational time for
the tested problems. (1) In the RC206, R206, and C206 instances, the optimal solutions obtained by
HAGA were 7.90%, 1.02%, and 14.94% better than those obtained by GA, respectively, with an
average improvement of 7.95%. Compared to VNS, the corresponding improvements were 2.52%,
1.25%, and 14.38%, respectively, with an average gain of 6.05%. (2) Regarding the average objective
value across multiple runs, HAGA outperformed GA and VNS by 7.40% and 9.93%, respectively,
indicating superior average performance across these three instances. (3) Regarding computational
time, HAGA reduced time by 5.61%, 15.20%, and 15.27% compared to GA, and by 7.69%, 14.46%,
and 10.34% compared to VNS. Overall, the computational results for these large-scale emergency-
supply allocation instances demonstrate that HAGA is competitive in both solution quality and
computational efficiency.
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Table 10. Computational results for large-scale instances.

Solving method Optimum (min) a (%) Mean (min) B (%) Avg. time (s) 0 (%) # Trucks
RC201 (100)
HAGA 252.7 - 261.83 - 120.72 -
GA 274.37 7.9 276.18 5.19 127.89 5.61 4
VNS 259.23 2.52 266.25 1.66 130.78 7.69 4
R201 (100)
HAGA 353.48 - 357.07 - 88.51 - 3
GA 357.13 1.02 379.19 5.83 104.38 15.2 3
VNS 357.97 1.25 362.58 1.52 103.47 14.46 3
C201 (100)
HAGA 259.82 - 271.3 - 91.98 -
GA 305.45 14.94 305.45 11.18 108.56 15.27
VNS 303.47 14.38 311.62 12.94 102.59 10.34
-
WL

The Delivery Route for R206(100)

The Delivery Route for C206(100)

Legend:
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Figure 10. Schematic of delivery routes for large-scale instances.
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5.3. Convergence analysis

To examine the convergence performance of the proposed HAGA, this paper selected a large-
scale example from RC201. The current optimal objective value changes during the algorithm’s
iteration process were recorded, and a convergence curve was plotted, as shown in Figure 11. Figure
10 demonstrates that the algorithm continuously improves the objective value within the first 20
generations, exhibiting strong global search capability. Between generations 20 and 45, the objective
value decreases rapidly, indicating the algorithm effectively identifies superior solutions and
progressively escapes local search regions. Upon reaching the 45th iteration, the algorithm first
attained the optimal objective value of 252.7. Subsequently, the curve remained largely stable,
indicating that the algorithm had converged. This result demonstrates that HAGA possesses both strong
global exploration capabilities and strong local exploitation capabilities in the later stages, enabling it
to obtain stable and high-quality solutions within a finite number of iterations.

Convergence curve of the HAGA algorithm

fitness value

iterated algebra

Figure 11. Convergence curve of the objective function value, for the example
RC206(100), using the HAGA algorithm.

5.4. Sensitivity analysis

This section primarily conducts sensitivity analysis using the medium-scale case study RC201(50)
as the test subject. Since the problem assumes that the drone’s payload capacity always meets the
requirements at each task point (i.e., demand splitting scenarios are not considered), the sensitivity
analysis of the drone’s maximum payload capacity is not discussed here. Instead, the focus is on
analyzing the sensitivity of the drone’s maximum flight range and speed while keeping other
parameters constant.

5.4.1. Maximum drone flight range sensitivity analysis
A sensitivity analysis of the maximum drone flying range is conducted under the assumption that
other parameters remain constant. The impact of increasing the maximum flight range in 5-km

increments from 25 to 60 km on the overall emergency supply delivery time (objective function) is
examined. Figure 12 shows the specific results.
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Figure 12. Impact of flight distance on delivery time.

Figure 12 demonstrates that the overall delivery time of the emergency supplies shows a declining
trend in tandem with the increase in the drone’s maximum flight distance. The objective function value
drops significantly as the flight distance increases from 30 to 50 km, indicating that the drone can reach
more disaster-stricken locations, reducing the truck—drone synergy time and improving the overall
delivery efficiency. However, the rate of decrease of the objective function value slows down as the
flight mileage reaches 50 km. This suggests that the marginal benefit of the flight mileage gradually
decreases after the number of task points for the drone’s single-launch delivery service increases to a
certain extent. As a result, the drone’s flight mileage in this case study is set at approximately 50 km.
This can both fully utilize the advantage of the drone’s quick reaction time and prevent resource waste
caused by blindly pursuing a longer flight distance.

5.4.2. Drone speed sensitivity analysis

To examine the effects of flying speeds ranging from 30 to 60 km/h on the goal function, the
initial drone speed was gradually increased by 5 km/h while keeping all other variables constant. Figure
13 displays the results.
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Figure 13. Impact of drone speed on delivery time.
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Figure 13 illustrates how the overall time is significantly reduced when the flight speed is
increased from 35 to 55 km/h. This shows that the drone can complete the delivery task more rapidly,
reducing both the truck waiting time and the overall delivery time. That is, it reflects the improvement
in task efficiency brought about by the drone’s rapid response capability. The typical law of
diminishing marginal returns is evident when the speed is increased to 50 and 60 km/h, even though
the delivery time continues to decrease. This indicates that the drone’s flight speed in this case may
have a crucial turning point at 55 km/h, beyond which the benefits of increasing the unit speed are
greatly diminished.

The sensitivity analysis reveals a nonlinear relationship between technical parameters and overall
system performance in emergency logistics. Notably, enhancing a single drone capability—such as
speed or range—yields diminishing marginal returns. As a result, the study recommends that decision-
makers focus on achieving an optimal balance between cost and operational effectiveness when
designing emergency logistics systems. Empirical results indicate that setting the drone speed to
approximately 55 km/h and the range to around 50 km provides the best system efficiency. This
balanced approach helps prevent unnecessary resource expenditure that can occur when pursuing a
single high-performance metric to excess.

6. Conclusions
6.1. Summary of key findings

This paper introduces a collaborative path optimization strategy involving multiple trucks and
drones to enhance material delivery in emergency logistics scenarios. By integrating detailed modeling,
innovative algorithm design, and comprehensive empirical analysis, the proposed approach
systematically improves the efficiency and effectiveness of emergency response operations. The
following elements provide a summary of the particular research content.

(1) Grounded in the post-disaster scenario, six foundational assumptions are formalized to
delineate the model’s boundary conditions. We develop a novel multi-truck, multi-drone, multi-loop
collaborative routing optimization model for emergency logistics, with the objective of minimizing the
makespan. This model theoretically extends the classical vehicle routing problem literature by
explicitly incorporating “access restrictions” as a core modeling construct and enabling drone multi-
point delivery per flight, thereby providing a more accurate representation of post-disaster logistics
realities where infrastructure degradation and timeliness are primary concerns.

(2) To solve the resultant NP-hard problem, the HAGA is devised. Its design incorporates
problem-specific strategies such as accessibility-based task partitioning, two-dimensional encoding,
and greedy initialization. Crucially, the integration of adaptive genetic operators (with dynamically
adjusted crossover and mutation probabilities based on population diversity and individual fitness)
with dynamic programming for initial solution generation represents a theoretical contribution to
metaheuristic design, demonstrating a principled approach to balancing exploration and exploitation
in complex combinatorial landscapes.

(3) The algorithm’s effectiveness was systematically evaluated using Solomon benchmark
instances at multiple scales. HAGA demonstrated superior performance in both computational
efficiency and solution quality when compared to traditional GA and VNS methods. Specifically,
HAGA reduced the shortest delivery job completion time by up to 15.41% compared to GA and 14.38%
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compared to VNS. For medium- and large-scale applications, HAGA’s solution runtime was 34.4%
shorter than that of GA and 49.04% shorter than that of VNS.

(4) A systematic sensitivity analysis transcends mere parameter tuning, offering fundamental
insights into the performance drivers of collaborative systems. It identifies an optimal efficiency
envelope for drone operations (e.g., at 55 km/h speed and 50 km range), thereby enriching the
theoretical understanding of the trade-offs between drone capabilities and system-wide logistics
performance in time-constrained environments.

6.2. Managerial implications

The practical implications of this study not only support emergency managers but also reinforce
its theoretical contributions by demonstrating the real-world validity of the proposed model and
algorithm. The findings offer crucial information for the detailed implementation and administration
of the logistics scenario in the low-altitude economy:

(1) The creation of a “truck backbone—drone terminal” distribution network maximizes
distribution efficiency by optimizing drone parameters and leveraging the complementary strengths of
truck bulk transport and drone speed and flexibility. This network design puts into practice the
theoretical principles of collaborative optimization under access constraints, illustrating how the
extended vehicle routing problem (VRP) framework can effectively guide resource allocation in real-
world logistics operations.

(2) Beyond emergency logistics, the research findings are applicable to a range of scenarios
requiring rapid response, such as last-mile distribution in e-commerce, the transportation of medical
first-aid supplies, and mountain logistics. These applications not only validate the generalizability of
the proposed theoretical model but also provide essential methodological support and practical
guidance for advancing the industrial application of the low-altitude economy in smart logistics.

In summary, the study bridges the gap between theory and practice, offering actionable insights
for both emergency and commercial logistics settings within the evolving landscape of low-altitude
airspace utilization.

6.3. Research limitations and future avenues

Although this study has made progress in the field, future research directions have been identified
to address the inherent limitations of deterministic modeling and further enhance the theoretical and
practical impact of this line of research. Several limitations of this study should be acknowledged. For
instance, this model assumes that demand and road conditions are known, with constant travel speeds,
and does not account for dynamic traffic conditions or time window issues. Given the high uncertainty
in post-disaster environments, future research could incorporate time-varying speed parameters or
establish time windows based on real-time disaster information. Additionally, sensitivity analysis of
process metrics (such as synchronous waiting ratios and drone utilization rates) indicates that
subsequent studies should conduct multi-scenario hierarchical analyses and incorporate operational
metrics to thoroughly examine the origins of the algorithm’s advantages.

These will also become the core focus of our future research. This will not only address the
limitations of this study but also provide policymakers with more robust and adaptive tools, thereby
enhancing the resilience and agility of disaster response operations.
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