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Abstract: In response to the practice of rescue channel blocking and a shortage of emergency ma-
terials in the event of sudden significant disasters, a multi-UAV collaborative distribution scheme
was designed based on the demand for rapid and accurate distribution of materials. This paper
constructed a multi-UAV collaborative task assignment and routing problem with simultaneous
delivery and pick-up and time windows (MVTARPSDPTW), considering the factors of UAV load,
energy consumption, cargo quality, and volume to minimize the total cost of UAV distribution and
the full penalty of the task, as well as optimizing the balance of UAV efficiency. This paper pro-
poses a multi-objective, improved brainstorming optimization algorithm based on Pareto dominance
(MIBSO) to solve the MVTARPSDPTW problem. With DTLZ4, DTLZ5, and DTLZ6 benchmarks,
this work tests the algorithm performance according to the characteristic attributes of the model
sought, selecting the four indicators of GD, the Spacing metric, HV, and IGD, concerning convergence,
solution distribution, and comprehensive performance. Case validation is based on a COVID-19
scenario in Changchun, China, and the results show that the model algorithm designed in this paper
has good performance and feasibility in convergence and distribution of reconciliation. Finally, the
multi-UAV emergency material distribution solution provides practical, theoretical support for rescue
tasks in sudden significant disasters.

Keywords: emergency material distribution; multi-UAVs; task assignment; multi-objective optimization;
Pareto dominance

1. Introduction

Sudden and frequent natural disasters (such as earthquakes, mudslides, infectious
diseases, etc.) have damaged the economy and society of all countries worldwide, making
people suffer double losses of life and property. In the initial stage of a disaster, the key to
rescue operations is how to quickly make rescue action plans, meet the needs of the public
for emergency materials to the greatest extent, and reduce the losses caused by disasters.
Due to the suddenness and unpredictability of a disaster, the materials in the disaster area
are often insufficient to ensure the development of emergency relief work, and emergency
materials need to be transported from outside the disaster area to the disaster area in a
short time. However, due to the damage to the road network and the poor environment
in the disaster area, it is difficult for traditional truck transportation to meet the needs
of each disaster-stricken area in time. Meanwhile, the timeliness and effectiveness of the
distribution of emergency materials also enhance the difficulty of emergency logistics. It
is of great practical significance to study the problem of multi-UAV cooperative delivery
under such circumstances.
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Amazon first introduced the concept of drone delivery in 2013. In recent years, UAV
equipment has been used to distribute emergency materials at home and abroad. Google X
LABS first experimented with using drones for disaster relief and delivering aid to remote
areas in 2014 and completed its first real-world delivery in rural Queensland, Australia,
where it successfully delivered first aid kits, food, and water to local farmers. In the early
days of the COVID-19 outbreak, Google used drones to provide contactless delivery of
medicines and food to customers [1], and achieved good results. In China, Jingdong
delivered supplies to sealed towns through drones [2], and the drones developed by SF
Express also successfully delivered epidemic prevention supplies to hospitals [3].

With the continuous development of intelligent manufacturing and UAV technology,
the wide application of UAVs has become the focus of researchers. Many studies have
highlighted the critical role of drones in delivering medical supplies, helping to save more
lives and reduce emergency response times [4,5]. Ling et al. [6] evaluated the efficiency
of UAVs in different application scenarios, such as medical equipment delivery, blood
transportation, and drug distribution. According to Rodriges et al. [7], using drones to
deliver small packages is more efficient than traditional trucking methods in terms of cost
and total service time.

Current research on the distribution of emergency materials includes the location of
the distribution center, task allocation, flight path planning, and so on. Researchers are
generally keen on mathematical modeling and model optimization, mainly focusing on
time, cost, efficiency, and other factors as goals, paying more attention to an intelligent opti-
mization algorithm to propose new solutions that will be applied to practical transportation
problems. For example, Chauhan et al. [8] propose a multi-period formula for facility
locations to maximize coverage while meeting reliability constraints. Caunhye et al. [9]
consider simultaneously optimizing site selection and path planning and developing a joint
model to minimize disaster losses and rescue time. Chauhan et al. [10] solved the facility
location problem and online demand allocation by dividing UAVs into two phases. Various
constraints, such as vehicle capacity, time window, route length, etc., usually accompany
the material distribution problem. To ensure that the generated solution can meet these
constraints, researchers usually introduce penalty functions in the model to improve the fea-
sibility and operability of the solution. For example, Xiao et al. [11] proposed an improved
genetic tabu search algorithm and introduced the penalty factor into the fitness function.
Monami et al. [12] and Yang et al. [13] specified a delivery time range and imposed early
and delayed delivery penalties on deliveries beyond that time range to establish a realistic
coordination mechanism in the supply chain system. Zhang et al. [14] introduced the
transportation mode conversion penalty cost in the objective function when constructing
a multimodal transportation logistics model. Traditional algorithms commonly used to
solve UAV task assignment and track planning problems include integer linear program-
ming, the simulated annealing algorithm, etc., which can be solved by combining modern
heuristic and swarm intelligence algorithms, such as a genetic algorithm, particle swarm
optimization algorithm, ant colony algorithm, and fish swarm algorithm. Among the
traditional algorithms, a combination of local search and dynamic programming is used to
solve the travel agent task assignment model with UAV participation [15]. Considering the
multi-target problem, a linear weight method is proposed to transform it into a single-target
UAV task planning problem, and then a hybrid algorithm combined with a real-coded
fireworks algorithm are used to solve the multi-target UAV task assignment problem [16]. It
has been proposed to use GridGSA for UAV track planning, apply the grid method to build
an environment model, assign probability to corresponding grids, and then optimize the
number and position of return points through a gravity search algorithm [17]. In modern
algorithms, to solve the multi-target task assignment problem of a UAV, it is proposed
that based on a rapid search by a quantum ant colony algorithm, the crossover and clone
replication factors of the clonal selection algorithm are fused to improve the global search
capability of the algorithm and avoid premature convergence in the search process [18].
A mixed population RRT UAV flight path planning method has been proposed to solve
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the flight path optimization problem. Based on a rapidly extended random tree (RRT)
algorithm based on an environmental potential field, a self-optimizing population and
co-optimizing population are introduced to improve the flight path segment so that the
algorithm has local and global optimization capabilities [19]. There are algorithms based
on the combination of a cooperative particle swarm algorithm, cooperative function, and
suitable variables to discuss task allocation and track planning [20]. To avoid the “dead-
lock” phenomenon caused by the task assignment of heterogeneous UAVs, an improved
genetic algorithm based on multi-type gene coding was adopted for task assignment, and
the Dubins path coordination method was adopted to generate the flyable track of the
minimum turning radius of UAVs [21].

In summary, scholars’ research on emergency logistics distribution is relatively com-
plete, but it still needs to be improved in the following aspects:

1. Based on research directions, existing research on drone delivery mainly focuses on
the following three aspects: first, optimization model and algorithm research; the
second is to explore more ways of operating drones; and the third is to study the
impact of different parameters of a UAV on delivery [22]. However, in research on
drone delivery services, recycling services are given little consideration [23].

2. Most research on drone delivery uses non-real technical parameters. Only a few
scholars use accurate technical parameters for research [24].

3. Currently, to simplify the problem, most literature ignores some practical factors
when constructing models or considers relatively few single factors. Only a few pieces
of literature have proposed the expansion problem of combined distribution with
multi-factor fusion [25].

4. The standard FSTSP (Flying Sidekick Traveling Salesman Problem) model has no
payload management constraints to control customers’ orders on each drone route
because without them, drone routes might not be feasible.

5. The standard FSTSP model has a small maximum number of possible stops per drone
strike, and there is still much room for improvement in saving potential service time
and drone utilization.

This paper makes the following contributions to the field of emergency logistics:

1. Consider returning missions to improve the efficiency and sustainability of payloads.
Traditional FSTSPs do not fully utilize the payload capabilities of UAs.

2. Consider the dynamic energy consumption of the UAV to make it more suitable for
the actual delivery of the UAV.

3. Comprehensively consider the constraints of UAV energy consumption, load, vol-
ume, flight speed, and time window, and establish a multi-UAV collaborative task
assignment and path planning model. It integrates multiple factors and considers
them simultaneously to supplement research on collaborative optimization of task
assignment and path planning.

4. Develop a multi-objective, improved brainstorming optimization algorithm based
on Pareto dominance (MIBSO) to solve cases of reasonable size, and make up for
the problem of unreasonable weight assignment and a single result in applying a
linear weight method to transform multiple goals into single goals proposed in the
literature [16].

5. Taking “Ehang” Falcon B (Logistics version) UAV as the target model and taking the
distribution of materials during the outbreak of COVID-19 in Changchun, China, as
an example, an empirical analysis was conducted to form a general technical scheme
for the delivery of emergency materials by UAV, providing scientific reference for
emergency materials distribution and rescue tasks under major disaster scenarios.
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2. Methods
2.1. Modeling
2.1.1. Problem Description and Hypothesis

In the multi-UAV cooperative task assignment problem, the distribution task as-
signment and flight path planning of a multi-UAV in the multi-demand point scenario
are studied. Assume that there are UAVs K = {K1, K2, . . . , Km} and demand points
B = {B1, B2, . . . , Bn}, and the UAVs K need to perform a delivery service for each demand
point Bj. Because the UAV is constrained by its performance, such as load, volume, and
mileage, each UAV can only complete a limited number of demand point distribution tasks.

Under the premise that each UAV meets the load constraint, load volume constraint,
and time window constraint, the distribution center assigns several UAVs to deliver materi-
als for the demand point. Each UAV starts from the distribution center, provides materials
for the demand point, and recovers materials from the demand point simultaneously. After
completing the established task, it returns to the distribution center. The distribution
scheme is planned with a minimum total cost, minimum total task penalty, and optimal
balance of using UAVs.

In this paper, we make the following assumptions:

1. There are multiple drones and one distribution center.
2. The speeds of the drones are known and constant.
3. Drones can serve all customers.
4. The drone flight endurance is known and fixed regarding travel time.
5. The drone must leave customer locations immediately after delivering or picking

up parcels.
6. The UAV must be able to fulfil the service demand of at least one demand point.
7. The UAV has an entire initial power supply and does not consider any midway charge

or change.
8. The distribution center’s cargo reserves are deemed unlimited.

2.1.2. Model Construction

Under the above assumptions, this paper constructed a multi-UAV collaborative
task assignment and routing problem with simultaneous delivery and pick-up and time
windows (MVTARPSDPTW), considering the factors of UAV load, energy consumption,
cargo quality, and volume. The descriptions of relevant symbols in the model are shown
in Table 1.

Table 1. Descriptions of relevant symbols.

Symbol Description Symbol Description

B Set of all demand points. Lck
i−1

Loading weight (including the starting
point) when UAV k leaves node i − 1.

K Set of all UAVs. Ri Required weight at node i.

xk
ij

Decision variable: determine whether
drone k is from node i to node j. Ldk

i Retrieve the weight of goods at node i.

ϖ Unit transportation cost of drones. L0k
Loading weight when UAV k leaves the

starting point.

Loadk
ij

The real loading weight of UAV k on the
path from node i to node j. Twk

i Tlk
i Tvk

i

Represent the sum of the time window,
the sum of the loading weight, and the
sum of the loading volume violated by

drone k at node i, respectively.

dis(i, j) Euclidean distance between node i
and node j. λ,β, γ

Represent the penalty coefficients of the
violation of the time window, the
loading weight, and the loading

volume, respectively.
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Table 1. Cont.

Symbol Description Symbol Description

xk Be used to judge whether drone k is used. xk
i

Be used to judge whether node i is
served by drone k.

NV The number of drones used. Timek
i

Represents the time when the drone k
arrives at node i.

ψ Unit start-up cost. [a, b] The left and right time windows of
node i.

℘ Unit maintenance cost. Lck
i The loading weight of drone k at node i.

Enleavek

The energy remaining of UAV k after
completing the delivery task. Ck The maximum loading weight of

drone k.

Enleavea Average of UAV energy remaining. Vk The maximum loading volume of
drone k.

m Number of drones. Lvk
i

The loading volume of drone k at
node i.

Enk The initial energy of UAV k. wk
i−1

The service start-time of drone k to
node i − 1.

Enck Energy consumption of UAV k. si−1 The service time of node i − 1.

Encijk

Energy consumption of UAV k along the
path from node i to node j. ∆−(i) Set of arcs pointing to node i.

mUAVk The weight of UAV k. ∆+(i) Set of arcs pointed by i.

g Acceleration of heavy force. xk
i−1,i

Determine whether drone k is from
node i − 1 to node i.

ρ Air density. di−1,i Distance from node i − 1 to node i.

ξ The area of the rotating blade disc. xk
0j

Determine whether drone k is from the
starting point and reaches node j.

n The number of UAV rotors. xk
i0

Determine whether drone k is from
other nodes and returns to the

starting point.

dij Distance from node i to node j. M An infinite number.

vk Speed of drone k. Vi The volume of cargo i.

vk_max Maximum flight speed of drone k. Vk
max

The maximum volume allowed to be
loaded by drone k.

tk
max Maximum flight time of drone k. p The number of all demand points.

Sk
max Maximum flight distance of drone k.

1. Objective
First, consider the minimum cost of all UAV delivery tasks, which consists of three

parts: UAV transportation, start-up, and maintenance. The sub-objectives are as follows:

sumTD = min

ϖ · (∑
k∈K

∑
(i,j)∈B

xk
ij · dis(i, j) · Loadk

ij) + NV · (ψ + ℘)

 (1)

xk
ij =

{
1, drone k starts from node i to node j
0, others

(2)

xk =

{
1, f or ∀(i, j) ∈ B, only ∃xk

ij = 1
0, others

; ∀k ∈ K (3)
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NV = ∑
k∈K

xk (4)

where, sumTD is the total cost. Equation (1) calculates the total cost of UAVs performing
delivery tasks. Equations (2) and (3) represent the range of values for decision variables.
Equation (4) calculates the number of drones used to perform delivery tasks.

When using UAVs, it is essential to find the right balance. To measure this balance,
we can look at the remaining power of each UAV after completing delivery tasks. If the
remaining power is evenly distributed among all UAVs, their utilization rates are similar,
and there is no overuse or underuse of any UAV. The sub-goals for achieving this balance
are as follows:

Endi f f er = min

m
∑

k=1
(
∣∣Enleavek

− Enleavea

∣∣)
m

(5)

Enleavek
= Enk − Enck , ∀k ∈ K (6)

Enck = ∑
(i,j)∈B

Encijk · xk
ij (7)

Encijk =

(
(mUAVk + Loadk

ij)
3
2 · g3√

2ρξn

)
·

dij

vk
, ∀(i, j) ∈ B, ∀k ∈ K (8)

Loadk
ij = Lck

i = Lck
i−1 − Ri + Ldk

i , ∀i − 1, i ∈ B, ∀k ∈ K (9)

L0k = ∑
i∈B

Ri ∑
j∈∆+(i)

xk
ij, ∀k ∈ K (10)

where, Endi f f er is an indicator used to measure the balance of drone usage. Equation (5)
first calculates the difference between the remaining energy of each drone after executing
the task and the average remaining energy; then, these differences are summed up, and the
average value is taken. The data obtained from this can indicate the degree of use of each
drone in a specific distribution plan. Equation (6) calculates the remaining energy value of
drone k after completing the task. Equation (7) calculates the energy consumption of drone
k in executing tasks. Equation (8) calculates the energy consumption of each small segment
of the drone delivery route. Equation (9) indicates that the actual cargo loading weight
of the drone on section i → j is equal to the cargo loading weight when the drone leaves
point i, which is equal to the loading weight when leaving node i − 1 minus the required
weight at node i plus the recovered weight at node i. Equation (10) represents the weight
of the cargo carried by the drone when departing from the starting point.

To more genuinely reflect the power consumption of the actual delivery of the UAV,
consider the dynamic change of the power consumption of the UAV during the distribution
process and calculate the power consumption of each section of the distribution route using
Formula (8) [26], as shown in Figure 1.
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The minimum punishment in the UAV distribution process is ensuring timely and safe
material delivery to the demand point. These penalties include punishment for exceeding
the time window, load weight, and load volume limits. The sub-objectives are as follows:

sumLW = min ∑
k∈K

∑
i∈B

(
Twk

i · λ + Tlk
i · β + Tvk

i · γ
)

(11)

xk
i =

{
1, f or ∀(i, j) ∈ B, only ∃xk

ij = 1
0, others

(12)

λ =


0, ai < Timek

i < bi
λ1, Timek

i < ai
λ2, bi < Timek

i

(13)

Twk
i =


0, ai < Timek

i < bi
(ai − Timek

i ) · xk
i , Timek

i < ai
(Timek

i − bi) · xk
i , bi < Timek

i

; ∀i ∈ B, ∀k ∈ K (14)

Tlk
i = max

(
Lck

i − Ck, 0
)

, ∀i ∈ B, ∀k ∈ K (15)

Tvk
i = max

(
Lvk

i − Vk, 0
)

, ∀i ∈ B, ∀k ∈ K (16)

Timek
i = wk

i−1 + si−1 +
xk

i−1,i · di−1,i

vk , i − 1 ∈ ∆−(i) (17)

where, sumLW is the total penalty. Equation (11) calculates the sum of the time window
penalty, loading weight penalty, and loading volume penalty. Equation (12) determines
whether node i is on the path of drone k. Equation (13) represents the value of the time win-
dow penalty coefficient λ. Equation (14) calculates the duration of delay/early completion
(the task was not completed within the time window). Equation (15) calculates the drone’s
weight overloaded at node i. Equation (16) calculates the volume of drone k overloaded at
node i. Equation (17) calculates the time for drone k to reach node i.

2. Constraints

(1) The number of drones carrying out tasks shall not exceed the total number of drones
owned.

NV ≤ m (18)

(2) UAV’s service rules: Equation (19) indicates that each demand point can only be
assigned to one path. Equation (20) indicates that a demand point can only be served
by one drone. Equation (20) indicates that a drone can serve multiple demand points
and at least one demand point.

∑
k∈K

∑
j∈∆+(i)

xk
ij = 1; ∀i, j ∈ B (19)

∑
k∈K

xk
i = 1, i ∈ B (20)

1 ≤ ∑
i∈B

xk
i , k = 1, 2, . . . , r (21)

(3) Traffic constraints of a UAV on the path: Equation (22) indicates that the drone can
only reach one node from the starting point, meaning only one drone can be on that
path. Equation (23) indicates that drones returning from a particular node to the
starting point can only have one drone on that path. Equation (24) constrains the flow
balance on this path.
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∑
j∈∆+(0)

xk
0j = 1, ∀j ∈ B, ∀k ∈ K (22)

∑
i∈∆−(0)

xk
i0 = 1,∀i ∈ B, ∀k ∈ K (23)

∑
i∈∆−(j)

xk
ij − ∑

i∈∆+(j)
xk

ji = 0,∀(i, j) ∈ B, ∀k ∈ K (24)

(4) Continuous constraints on UAV travel time: During the process of the drone com-
pleting the task from the previous to the current demand point, there is no other time
consumption except for service and travel time. Equation (25) can ensure no time loss
for the drone during the process, ensuring the continuity of time.

wk
i + si +

dij

vk − wk
j ≤ (1 − xk

ij)M (25)

(5) Load relation constraint: Equation (26) represents the actual loading weight of the
drone k after serving the first demand point on the route. Equation (27) represents the
actual loading weight of the drone k after completing service at any demand point on
the route (excluding the first demand point).

Lck
j ≥ Lck

0 − Rj + Ldk
j − M(1 − xk

0j) (26)

Lck
j ≥ Lck

i − Rj + Ldk
j − M(1 − ∑

k∈K
xk

ij) (27)

(6) The drone’s flight speed cannot exceed the maximum speed limit.

vk ≤ vk_max, ∀k ∈ K (28)

(7) The drone’s flight time cannot exceed the maximum time limit.

xk
ij · dij

vk
≤ tk

max, ∀(i, j) ∈ B, ∀k ∈ K (29)

(8) The flying distance of drones shall not exceed the maximum distance limit.

∑
(i,j)∈B

xk
ij · dij ≤ Sk

max, ∀k ∈ K (30)

(9) The total volume of cargo loaded by drones shall not exceed the maximum capacity
of the drone cargo hold.

∑
i∈B

xk
i · Vi = Vk

max, k ∈ K (31)

(10) Ensure that all demand points can be served, assuming the number of demand points
is p.

∑
k∈K

xk
i = p, ∀i ∈ B (32)

2.2. Optimization Algorithm Design

The model mentioned above is a type of multi-objective programming model. Many
scholars currently use the linear weighting sum method to convert multi-objective problems



Appl. Sci. 2024, 14, 2365 9 of 19

into single-objective ones for solving. However, this method can only produce one solution
at a time, and cannot provide diversified scheme choices according to decision-makers’
preferences. This method’s weight setting is subject to subjective human influence, which
is not highly scientific. On the other hand, the success of the NSGA-II algorithm has shown
the benefits of non-dominated sorting in multi-objective optimization [19]. As a result, this
paper uses this method to develop a multi-objective, improved brainstorming optimization
algorithm based on Pareto dominance (MIBSO) to solve the MVTARPSDPTW problem.
Algorithm 1 displays the pseudo-code for MIBSO, and Figure 2 illustrates the MIBSO
algorithm flow.
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number of drones used is four, ID is 9–13, and all drones start from city 0. The coding
adopted by MIBSO to solve the MVTARPSDPTW problem is shown in Figure 3. It can
be seen that a total of four UAVs (9, 10, 11, and 12) are used (<= maximum UAV usage),
and one (13) is free. The distribution route of UAV-1 is 0→3→2→0, and the distribution
route of UAV-2 is 0→7→6→1→0. The distribution route of UAV-3 is 0→8→0, and the
distribution route of UAV-1 is 0→5→4→0. If the number of demand points is N, and a
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maximum of K drones are allowed to deliver, then MIBSO solves the MVTARPSDPTW
problem by representing the individual as a random arrangement of 1~(N + K−1).
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2.2.2. Elite Retention Strategy

Merge the parent population and child population to generate population_1, and gen-
erate a new parent population, population_2, from population_1 according to the following
rules: (1) According to the order of Pareto rank from low to high, the whole layer population
was put into the parent population population_2 until the individuals in a particular layer
could not all be put into the parent population population_2. (2) The individuals in this
layer were successfully placed into the parent population population_2 according to the
crowding degree from large to small until the parent population population_2 was filled.

2.2.3. Local Search Operation

Based on standard BSO, the “destroy” and “repair” ideas in the LNS algorithm are
introduced. The local search operation is carried out on the individuals whose objective
function value is in the top 50% of the population obtained after the update operation to
obtain more optimal individuals and update the population in a better direction.

The destruction operator removes several related demand points according to For-
mula (33).

R(i, j) =
1

c′ij + Vij
(33)

c′ij =
cij

maxcij
(34)⌈

randD × |S|
⌉

, rand ∈ (0, 1) (35)
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where c′ij is the standardized value of cij, cij is the Euclidean distance between i and j,
and Vij is whether i and j are on the same path, and if they are on the same path, it is 0,
otherwise it is 1. |S| is the number of demand points in set S.

As can be seen from the above formula, the larger R(i, j), the more significant the
correlation between demand points i and j. Suppose the number of demand points is N,
the number of demand points to be removed is M, and the random element is L. Then, the
destruction operator step is shown in Figure 4. Based on obtaining the removed demand
point set Q and destroying solution P_destroy, the operator repair is carried out, as shown
in Figure 5.
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Insertion cost: Under the condition of not violating constraints, randomly select a
demand point in Q and insert it back to a certain insertion position in P_destroy, forming
the repaired solution P_repair. The insertion cost calculation formula for inserting the
demand point into this position is shown in Equation (36).

Cost_insert = FP_repair − FP_destroy (36)

where, Cost_insert represents the insertion cost, FP_repair represents the objective function
value of the repaired solution, and FP_destroy represents the objective function value of the
damaged solution.

Regret value: Under the condition of not violating the constraint, if the total number of
feasible insertion positions for demand point i in Q that can be inserted back into P_destroy
is ↕, then ↕ insertion positions correspond to ↕ insertion costs. The insertion costs are sorted
from small to large, and the sorted insertion costs are defined as Cost_new_insert. The
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formula for calculating the regret value of inserting demand point i back into P_destroy is
shown in Equation (37).

Value_regret = Cost_new_insert(2)− Cost_new_insert(1) (37)

where, Value_regret represents the regret value, Cost_new_insert(2) represents the insertion
cost of ranking second in the back row, and Cost_new_insert(1) represents the insertion
cost of ranking first in the back row.

3. Results
3.1. Case Analysis
3.1.1. Relevant Data

The basic attribute of emergency materials is emergency, so it is required that emer-
gency materials be delivered to the disaster area in the shortest time with the fastest speed
to play the role of emergency materials. During the new coronavirus epidemic, home
isolation is adopted for patients with solid bodies and mild symptoms. Traditional manual
door-to-door delivery is highly risky and has a significant risk of infection, and vehicle
delivery cannot complete accurate door-to-door delivery service. At this time, the use of
drones for “last kilometer” emergency supplies distribution is essential. Based on this,
this paper takes Ehang Falcon B (Logistics version) as an experimental UAV to analyze
the distribution of materials during the COVID-19 outbreak in Changchun, China. The
relevant parameters are shown in Table 2, the specifications of emergency materials are
shown in Table 3, and the data of demand points are shown in Table 4.

Table 2. Relevant parameters of the drone.

Performance Index Value

Maximum flying speed 80 km/h

Maximum flight time with a full load 17 min

Maximum flight distance with a full load 19 km

Maximum payload 5 kg

UAV’s warehouse size 40 cm × 40 cm × 32 cm

Table 3. Data related to emergency supplies and transportation methods.

Medical Supplies Weight/kg Length/m Width/m Height/m Volume/m3 Transport Type

Therapeutic drug 0.15 0.15 0.08 0.10 0.0012

UAVDetection reagent 0.05 0.15 0.08 0.05 0.0006

Medical protective products 0.03 0.25 0.10 0.01 0.00025
Note: For the novel coronavirus pneumonia, the emergency supplies delivered by drones this time are mainly
treatment drugs (Lianhua Qingwen), detection reagents (antigen/five pieces per set), medical protective products
(masks/ten pieces per set), and small-sized, lightweight, urgent items. Data are accurate drug data.

Table 4. Data related to demand points.

Number X Y
Demand Recycling

Quantity/kg
Recycling
Volume/m3

Left Time
Window

Right Time
Window

Service
Time/minA B C

0 57 61 0 0 0 0 0 9:00 11:00 10

1 52 62 4 14 3 0.25 0.00641 9:00 9:30 10

2 55 55 17 13 11 0.85 0.00426 9:10 9:40 12

3 54 68 3 16 13 1 0.00789 9:10 9:30 14

4 58 62 17 9 20 0.5 0.00430 9:20 9:50 15
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Table 4. Cont.

Number X Y
Demand Recycling

Quantity/kg
Recycling
Volume/m3

Left Time
Window

Right Time
Window

Service
Time/minA B C

5 48 66 15 15 4 0.2 0.00500 9:50 10:20 15

6 58 59 11 7 20 1.5 0.00640 9:15 9:35 15

7 54 69 10 11 17 0.8 0.00629 9:40 10:10 17

8 55 68 15 16 4 0.3 0.00485 9:00 9:30 18

9 61 66 10 17 23 1.5 0.00501 9:20 10:00 18

10 59 63 20 5 9 0.15 0.00469 9:00 10:00 18

11 46 61 12 3 7 1 0.00751 9:30 10:00 20

12 62 49 9 10 20 0.25 0.00655 9:10 9:40 21

13 50 63 5 6 10 1 0.00898 9:00 9:40 22

14 54 56 18 8 3 0.55 0.00521 9:00 9:40 22

15 64 57 10 11 15 0.5 0.00440 10:00 10:30 23

Note: This information pertains to question F from the 2022 China Postgraduate Mathematical Contest in
Modeling. The table displays serial number 0 as the distribution center, while numbers 1–15 represent the demand
points. X indicates the horizontal coordinate, and Y represents the vertical coordinate. A denotes the demand for
medical and drug materials, B for testing reagents, and C for protective materials. Each UAV’s loading time in the
distribution center is 10 m, which remains constant.

3.1.2. Simulation

Before studying task allocation and track planning for multi-UAV distribution, this
paper tackles the issue of determining the location of a material distribution center. The
optimization goal is to minimize transportation costs using all the demand points in the
region as potential distribution centers. The transportation cost is calculated using a formula
C = Weight ∗ d ∗ ℵ, and the clustering algorithm is used to find the coordinates of the
distribution center, which are (57, 61) or position 0 in Table 4. The resulting transportation
cost is 213.9480029.

To conduct this study, MATLAB R2021a programming was utilized on a computer
with an Intel(R) Core(TM) i5-10210U CPU (Asus Computer Co., Ltd., Guangzhou, China),
8GB of memory, and a 64-bit operating system. The simulation and training were conducted
on a total of 1409 demand points in nine districts of Changchun, with a population size of
30, and a maximum iteration limit of 200.

3.1.3. Results and Analysis

We inputted the data into the model and utilized the MIBSO algorithm to solve a
calculation example. Then, we ran the algorithm independently 30 times and received the
following outcomes: Figure 6 depicts the distribution of the optimal Pareto solution, Table 5
displays the most optimal Pareto solution, Figure 7 presents an analysis of the optimal
Pareto solution, and Figure 8 and Table 6 offer visualization of the optimal Pareto solution.
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Table 5. Pareto optimal solution set (Partial).

Dominant
Hierarchy Objective 1 Objective 2 Objective 3 The Number of

UAVs Used

Optimal Task Assignment
Scheme and Flight Path

Planning Scheme

1 204.5833 5208.4763 0 10
Option 1: 0-14-3-0; 0-10-0;

0-2-4-0; 0-9-0; 0-5-0; 0-1-15-13-0;
0-7-12-0; 0-8-0; 0-6-0; 0-11-0;

1 204.0560 4785.5881 0 10
Option 2: 0-14-3-0; 0-10-0;

0-6-4-0; 0-9-0; 0-5-0; 0-1-15-13-0;
0-7-12-0; 0-8-0; 0-2-0; 0-11-0;

1 199.0370 2569.9683 0 9
Option 3: 0-14-0; 0-5-0;

0-1-15-13-0; 0-7-12-0; 0-4-3-0;
0-10-8-0; 0-6-0; 0-2-0; 0-9-11-0;

1 200.6287 3397.4345 0 10

Option 4: 0-14-0; 0-5-0;
0-1-15-13-0; 0-7-12-0; 0-4-3-0;

0-10-8-0; 0-6-0; 0-2-0;
0-9-0; 0-11-0;

1 200.6150 2576.6985 0 9
Option 5: 0-14-0; 0-5-0;

0-1-15-8-0; 0-7-12-0; 0-4-3-0;
0-10-13-0; 0-6-0; 0-2-0; 0-9-11-0;

1 157.2881 2283.9717 24 8
Option 6: 0-13-0; 0-2-0;

0-1-15-12-0; 0-7-9-0; 0-4-3-0;
0-10-8-0; 0-6-0; 0-5-11-14-0;

1 193.9231 1967.1058 183 8
Option 7: 0-14-0; 0-5-0;

0-1-15-13-0; 0-7-12-0; 0-4-3-0;
0-10-8-0; 0-6-0; 0-9-2-11-0;

Note: Objective function values 1, 2, and 3 correspond to total cost value, UAV energy residual variance value,
and task penalty value, respectively. The smaller the three objective function values are, the better.

Table 6. Pareto optimal scheme.

UAVs’
Number

Demand
Point

Time
Window

Arrival
Time

Departure
Time

Load on
Arrival/kg

Load at
Departure/kg

Volume on
Arrival

Volume
at

Depar-
ture

- 0 [9:00, 11:00] - - - - - -

No. 1 14 [9:00, 9:30] 9:15 9:25 2.37 0.2 0.027 0.005

No. 2 5 [9:10, 9:40] 9:18 9:30 4.29 3.35 0.028 0.005

No. 3

1 [9:10, 9:30] 9:14 9:28 3.35 1.85 0.048 0.041

15 [9:20, 9:50] 9:30 9:45 1.85 1.75 0.041 0.023

13 [9:50, 10:20] 9:57 10:12 4.06 2.8 0.023 0.020

No. 4
7 [9:15, 9:35] 9:17 9:32 2.8 1.05 0.045 0.028

12 [9:40, 10:10] 9:49 10:06 3.11 1.99 0.028 0.013

No. 5
4 [9:00, 9:30] 9:12 9:30 1.99 1.5 0.035 0.021

3 [9:20, 10:00] 9:36 9:54 4.94 2.57 0.021 0.012

No. 6
10 [9:00, 10:00] 9:13 9:31 2.57 0.45 0.058 0.033

8 [9:30, 10:00] 9:36 9:56 2.05 1.5 0.033 0.010

No. 7 6 [9:10, 9:40] 9:12 9:33 2.68 0.85 0.022 0.006

No. 8 2 [9:00, 9:40] 9:14 9:36 4.1 3.06 0.031 0.004

No. 9
9 [9:00, 9:40] 9:15 9:37 3.06 2.5 0.046 0.023

11 [10:00, 10:30] 9:50 10:13 2.29 0.55 0.023 0.013
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It can be seen from Table 4 and Figure 6 that the MIBSO solutions are obtained from
multiple non-dominant solutions by running the program once, and decision-makers can
choose these solutions (schemes) according to their preferences for different goals. For
instance, Option 6 has better values for Objective 1 and Objective 2 than Option 3, but its
Objective 3 value is worse. Therefore, decision-makers prioritizing the economy and UAV
utilization can opt for Option 6, while those prioritizing safety and punctuality can opt for
Option 3.

Figure 7 provides three solutions for decision-makers to reference. The solution in
the rectangular box labeled (a) is ideal for those who prioritize the balance of UAV use. If
time requirements are stringent, the answer in box (b) should be considered. For decision-
makers who value the balance of drone use and time requirements, the solution in box (c)
is recommended. Table 5 shows the Pareto optimal scheme. Figure 8 is a visualization of
Pareto’s optimal solution.

Figure 9 is a curve of the changing trend of the objective function value drawn by
using the average value obtained after running the MIBSO algorithm 30 times, representing
the algorithm’s process of searching for the optimal solution. It can be seen from the figure
that with the increase in the number of iterations, the values of multiple objective functions
show a continuous optimization direction.
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Figure 9. The curve of the index changes the trend. (a) The trend curve of the total cost with the
number of iterations; (b) the variation curve of the variance of the UAV energy residual with the
number of iterations; (c) the trend curve of the task penalty value with the number of iterations.

4. Algorithm Performance Analysis

This section mainly tests and evaluates the designed algorithm’s convergence, distri-
bution, and comprehensive performance (MIBSO).

This paper’s objective function and the independent variables’ attributes led to the
selection of three test functions from the DTLZ series [27]: DTLZ4, DTLZ5, and DTLZ7.
These functions are variable tests of any scale concerning the number of decision variables
and targets.

Select generational distance (GD) and the Spacing metric as the algorithm’s conver-
gence and distribution evaluation index, respectively. Moreover, select Hypervolume (HV)
and Inverted Generational Distance (IGD) as comprehensive evaluation indicators of the
algorithm, which are described as follows:

GD [28]: Used to represent the interval distance between the solved Pareto frontier
(PFobtained) and the true Pareto frontier (PFtrue), obtained by calculating the average
minimum distance between each point in the solution set Pobtained and the reference set
Ptrue. The smaller the GD value, the better the convergence. The function is Formula (38).

GD∆
(

n
∑

i=1
dp

i )
1/p

n
(38)

Spacing metric [28]: Used to evaluate the distribution of individuals in an approximate
solution set in the target space by calculating the standard deviation of the minimum
distance from each solution to the other solutions. The smaller the Spacing value, the more
uniform the solution set. The function is defined as in Formula (39).

∆ =
|PF|

∑
i=1

di − d
|PF| (39)

HV [29]: Used to calculate the volume of the space region enclosed by the non-
dominated solution set and the reference point. The larger the HV value, the better the
comprehensive performance of the algorithm. The function is Formula (40).

HV = λ
(
∪|S|

i=1vi

)
(40)

IGD [29]: Inverted generation distance is the inverse mapping of generation distance,
obtained by calculating the distance average from each reference point Ptrue to the nearest
solution Pobtained. The smaller the IGD value, the better the comprehensive performance
of the algorithm. The function is Formula (41).

IGD =

∑
j∈PF∗

d′ j

n
(41)
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Figures 10–12 are the test results of each function, respectively. Table 5 shows the
index values of the test function. The above three figures, f1, f2, and f3, represent the three
objective function values. True Pareto front (true PF) corresponds to the black surface in
the figure, and the hollow circle in the figure is the Pareto frontier solved by MIBSO in
this paper.
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Based on the observations in Figure 10, it is evident that the Pareto frontier of the MIBSO
solution is very close to the true Pareto frontier, which indicates that the MIBSO algorithm
has an excellent ability to converge to a curve with good convergence performance.

It can be seen from Figure 11 that all solution individuals are distributed in the
f1–f2 plane, and some solution individuals are distributed in the Pareto optimal plane,
indicating that the MIBSO algorithm can maintain a good distribution of solutions.

Figure 12 shows that the Pareto frontiers solved by MIBSO are discretely distributed
in the four regions of the true Pareto frontiers, and the number of solutions in each area are
similar, indicating that the MIBSO algorithm can maintain good distribution in different
Pareto optimal surfaces.
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From Table 7, it can be seen that overall, MIBSO performs better than NSGA-II. MIBSO
has good performance in convergence and distribution and is feasible. On DTLZ4, MIBSO
outperforms NSGA-2 in all four indicators. On DTLZ5, MIBSO exceeds NSGA2 in three
indicators, and on DTLZ7, MIBSO surpasses NSGA2 in two indicators.

Table 7. The average metric value of each test function run 30 times.

Test Function

Evaluation Index
GD Spacing HV IGD Superior

ProportionMIBSO NSGA-II MIBSO NSGA-II MIBSO NSGA-II MIBSO NSGA-II
DTLZ4 0.1750 0.2691 0.5180 0.8035 1.0000 0.4773 0.5735 0.5983 100%
DTLZ5 0.0426 0.4380 0.1145 0.2848 0.2354 0.8257 0.0400 0.1401 75%
DTLZ7 0.0308 0.0127 0.3012 0.2209 0.5981 0.2409 0.0588 0.1638 50%

Superior
proportion 66.7% 66.7% 66.7% 100% \

Note: Indicators are GD, Spacing, IGD value as small as possible, and HV value as immense as possible. Superior
proportion represents the proportion of the number of indicators with better values for MIBSO compared to NSGA-
II in the total number. Orange indicates MIBSO is more dominant; green indicates NSGA-II is more prevalent.

5. Conclusions

(1) Model: This paper comprehensively considers factors of UAV load, energy con-
sumption, cargo quality, and volume, intending to minimize the total cost of drone
distribution and the full punishment of tasks, as well as optimize the balance of
drone usage. A multi-UAV collaborative task assignment and routing problem with
simultaneous delivery, pick-up, and time windows (MVTARPSDPTW) is constructed.

(2) Algorithm: This work proposes a multi-objective, improved brainstorming optimiza-
tion algorithm based on Pareto dominance (MIBSO) to solve the MVTARPSDPTW
problem, and selected DTLZ4, DTLZ5, and DTLZ6 as benchmarks to test the algorithm
performance based on the model attributes. From algorithm convergence, solution
distribution, and comprehensive performance, GD, the Spacing metric, HV, and IGD
are selected to evaluate the algorithm performance. The test results show that MIBSO
in this paper performs well in terms of convergence and distribution and is feasible.

(3) Application: This paper involves three aspects: location selection of distribution
centers, task allocation of drone distribution, and travel planning in the material distri-
bution process, fully covering the main task links of material distribution, considering
comprehensive factors. These can solve practical engineering problems in challenging
environments. This research finally forms a general-purpose technology scheme
for UAV emergency supplies distribution, which can provide scientific reference for
rescue tasks in significant disasters.

(4) Future work: To consider more diversified distribution scenarios integrating heteroge-
neous UAVs, heterogeneous goods, demand uncertainty, and multi-task modes.
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