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ABSTRACT

Multi-unmanned aerial vehicle (UAV) collaborative task planning and distribution path planning are the core
content of agricultural UAV logistics distribution. In this study, the multi-UAV collaborative task planning and
the distribution path planning were discussed, and such constraint conditions as UAV load capacity, battery
capacity and flight time were comprehensively considered, aiming to reduce the number of UAVs and their
power consumption. To ensure the safe and efficient completion of multi-UAV logistics distribution tasks, 3D
agricultural ultralow space was subjected to environment modeling, and a bilevel planning model for
collaborative planning of UAV distribution route and flight path was constructed. Then, an improved particle
swarm optimization (PSO) algorithm with the improved learning factor and inertia coefficient was designed on
the basis of PSO framework, and the global optimal solution in the current iteration was improved using variable
neighborhood descent search. The feasibility of the proposed algorithm was verified by analyzing a practical
case. With the central city area of XX City as the study area, 1 logistics & freight transportation center was
taken as the central warehouse (coordinates: 50, 50, unit: km) and 50 intelligent express cabinets as the
express cabinets of UAVs. The obtained results were comparatively analyzed with those acquired through the
basic PSO algorithm. The results manifest that the proposed algorithm performs better than the compared
algorithms. The improved PSO algorithm is superior to the basic PSO algorithm in aspects of total UAV flight
distance, number of UAVs used and algorithm convergence time, indicating that the model and algorithm
established in this study are feasible and effective.
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INTRODUCTION

Comprehensively driven by unmanned technological progress, policy assistance and market demand,
unmanned aerial vehicles (UAVs) have been widely used in agricultural plant protection, traffic monitoring,
logistics and transportation, bringing new opportunities to urban logistics (Liu et al., 2024). UAV logistics
enterprises are actively promoting the pilot of UAV in medical treatment and food delivery, but due to the
limitation of endurance, the current research and practice focus on the terminal distribution of UAVs and the
vehicle-aircraft joint distribution mode, which still faces cohesion and technical problems in practical application
(Li et al., 2024). Although the existing pure UAV distribution can meet certain needs, it is difficult to cope with
the challenges in large-scale commercialization and complex scenarios in the future.
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Therefore, it is more critical and necessary to explore the logistics UAV distribution mode in complex
environments (Wei et al., 2024).

The rapid development of urban residents’ consumption power has contributed to the rapid
development of e-commerce and the explosive growth of the logistics industry, yet also accompanied by urban
traffic congestion, express delivery delay, etc. (Fan et al., 2024). UAVs have the advantages of strong mobility,
high flexibility and low cost, providing a new path to solve the “one kilometer at the terminal” of urban logistics,
and exploratory practice has been carried out in lots of cities in China and abroad (Zhang et al., 2023). The
core task of multi-UAV logistics distribution is manifested in two aspects: allocation of distribution tasks, i.e.,
giving the order of goods delivery according to customer needs; distribution path planning, also called trajectory
planning or route planning, namely, giving the flight path of UAVs to each task point (Xu et al., 2024).

The current research on UAV logistics distribution mostly focuses on small-scale terminal delivery
scenarios, and UAV charging factors have been fully considered in some studies. In terms of safety flight and
UAV distribution task allocation, Zhao et al. (2019) comprehensively considered such constraint conditions as
the operational reliability and flight performance of UAVs and established a multi-UAV collaborative task
allocation model in logistics transportation with the minimum safety risk and logistics cost as the objective
functions. Li et al. (2015) built a UAV task allocation model fully considering flight range, task revenue and task
completion time window. Zhang et al. (2018) applied the particle swarm optimization (PSO) algorithm to solve
the multi-UAV task allocation problem after realizing the discretization of UAVs through binary matrix encoding.
With the minimum number of UAVs distributed and the shortest total range as the objectives, Shao et al. (2020)
constructed a multi-objective function to solve the path collaboration problem in the cruising process of UAVs
and solved it through the multi-objective evolutionary algorithm.

As for multi-UAV distribution path planning, specific research results have been achieved regarding
multi-UAV collaborative path planning based on single-UAV path planning research. Ma et al. (2021) combined
PSO with Hook-Jeeves search algorithm, first solved the path information of single UAVs, and then coordinated
the arrival time through the centralized path planning layer, thus realizing the cooperative path planning of
multiple UAVs; when coping with the needs of multiple UAVs to execute multi-target reconnaissance tasks in
the military field, Liu et al. (2022) improved the traditional A* algorithm, K-means algorithm and depth traversal
method and dynamically adjusted the task allocation according to real-time changes. Liu et al. (2023) proposed
a hybrid differential crow search algorithm based on Levy flight strategy, which added pruning and Logistic
chaotic mapping mechanism to the fast traversal random tree algorithm, and initialized the path through the
improved rapidly exploring random tree (RRT), so as to improve the efficiency of heterogeneous UAV path
planning.

When it comes to the research on the integration of task allocation and path planning, Yuan et al.
(2020), designed a two-layer mutual coupling task planning solution strategy, and used a nested two-layer
model to solve the task allocation, attack sequence and path planning problems of multiple military UAVs in a
two-dimensional environment. Wu et al. (2021) designed a two-stage hybrid algorithm based on Deep
Reinforcement Learning (DRL). In the first stage, DRL algorithm was used to generate the distribution routes
of multiple UAVs visiting customers in sequence, and in the second stage, A* algorithm was applied to search
the shortest path of each UAV. The current research on multi-UAV collaborative path planning focuses on 2D
space, while urban 3D spatial environments have been rarely involved. Hwang et al. (2015) put forward the
concept of “the last mile of UAV delivery” earlier. Tassone et al. (2016) raised the FSTSP problem,
distinguished the distribution nodes of UAVs and trucks, carried out distribution with a truck carrying a UAV,
and constructed a hybrid integer planning model and heuristic algorithm for solving. Chen et al. (2021)
proposed the TSP-D problem, which made the UAV and the truck exist in the same distribution network, and
the UAV could start from the same location and return to the truck. Zhou et al. (2018) further studied the TSP-
D problem, improved the hybrid integer planning model and solved it by designing the simulated annealing
algorithm. Yang et al. (2020) designed a dynamic planning algorithm for TS-D problem, which could solve
larger-scale problems. Zhang et al. (2022) put forward the VRP-D problem with the objective of minimizing the
completion time of distribution, which included multiple trucks and multiple UAVs. Agha et al. (2023) added
effective inequations to the proposed model, allowed UAVs to implement closed-loop flight, and designed a
heuristic algorithm to solve large-scale examples. Another application scenario widely concerned in the
academic circles is the distribution of emergency medical materials using UAVSs.
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Ma et al. (2021) studied the distribution of drugs for chronic diseases and the recovery of test samples
in rural areas using UAVs, and used decomposition method and Lagrange relaxation algorithm to accurately
solve the problem. Hao et al. (2017) proposed a UAV path model based on the minimization of time and cost.

Hu et al. (2020) studied the scheduling optimization of UAVs, considered the battery energy
consumption rate related to the load capacity of UAVS, established a hybrid integer planning model and used
the boundary generation algorithm of the original problem and the dual problem to speed up the solving
process. Han et al. (2021) explored the drug distribution problem of UAVs in the last mile of the disaster-
stricken area, and established a mixed integer planning model considering the energy consumption of UAVs
related to load capacity and flight distance.

In this study, environment modeling was performed using the grid method in an urban ultralow (<120
m) 3D environment. Considering the constraints of obstacles, a bilevel planning model for UAV task allocation
and collaborative path planning was proposed. The problems at the upper and lower levels were mutually
nested and influenced each other. Given that both levels of the model belonged to NP-hard problem, the upper-
level model was solved by introducing the genetic algorithm, and an improved PSO algorithm was designed
to solve the bottom-level model problem. Finally, the effectiveness of the algorithm and model was analyzed
by means of simulation.

MATERIALS AND METHODS
Problem description

The path planning problem of logistics UAVs can be defined as an undirected complete graph G =
(v, A), where V represents the set of vertexes, including customer point information set, warehouse point 0
and obstacle information set; A denotes the set of arcs. All customer points are distributed on the transportation
network. UAV k fully loaded with cargoes starts from warehouse point O, arrive at the customer point i to be
served, each customer point i has a receipt demand B, , the service time of the UAV at customer point i is
7, , within which the UAV can complete unloading work by default, and after serving customer point i, the UAV
continues to fly to the next customer point until the residual load capacity C, or residual battery capacity of
UAV Kk is not enough to arrive at the next customer point (in this case, the residual battery capacity of the UAV
can support the UAV to return to warehouse point O from the current location), and then returns to warehouse
point 0.

During the flight process, UAVs will be affected by weather, environment and other external factors.
This study mainly focuses on path planning. Assuming that UAVs fly under ideal environment, greater attention
is then paid to the constraints of UAVs themselves. The flight time and mileage of UAVs are directly influenced
by their power consumption, which, in turn, is closely related to their load capacity. To be more practical, the
influence of cargo load capacity on the residual battery capacity of UAVs is taken into account. Song et al.
(2018) put forward a flight time weight function based on the present load capacity and proved that the battery
power consumption is linearly correlated with the load capacity.

Then, the power consumption based on the current residual load capacity of UAVs can be calculated

as follows (1) and (2):

U-1 .
fCa) = 14 (57) Cu Vi € 0y, ke € 0 @
E(i,j,Cy) = f(Ci)e(di;/S,), Vi € 0,j € 0,k € 0 )

where k is UAV number; i and j are customer point numbers, i,j € {1,2,3, ..., N}; N denotes the total number
of customer points. i, j =0 indicates the warehouse point; represents the residual load capacity of UAV k
when starting from customer point i; Q is the maximum load capacity of UAVs; U is a proportionality factor;
f(C;) means the power consumption factor under load capacity of C;; e is the power consumption of UAVs
within unit time; S, is the flight speed of UAVSs; d; is the distance from customer point i to j ; E(i, j, Cy) is the
battery power consumption when UAVs fly from customer point i to j under load capacity of C, ; E represents
the total battery capacity of UAVS; (2, is the set of customer points; £, is the UAV number set. When calculating
the power consumption of a UAV when unloading cargoes at one customer point, the residual load capacity is
calculated according to the load capacity before unloading at the current customer point.

Model hypotheses
The model hypotheses are described as follows:
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(1) Each customer point is served and only once;

(2) The flight loop of each UAV is completed within the limited duration of the battery;

(3) It is assumed that only one distribution center exists in this area;

(4) All UAVs are of the same model but different speeds, load capacities and ranges;

(5) UAVs unload cargoes at each customer point within the same time;

(6) The weights of cargoes to be distributed by UAVs to each customer are different, and the unloading
time is also different.
Modeling

The objective functions and constraint conditions of the bilevel task planning problem facing multi-UAV
logistics distribution are as below:

fu= az z:J'GQJX‘”"‘ +B E Z Yjear S (Cud(dij/S, + 7)) )
keQk kenk IEQF
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ziE_QFXijk = ZiEﬂFink'vj € .Q],Vk (S QK (8)
Tie = Ty + dij /S, + 77 — M(1 — Xij3,), Vi € 2,V € O, Vk € (2 )
Cik > Cji + Bj — M(1 — X;jy.), Vi € 2p,Vj € OQp,Vk € () (10)
O > O + f(Cu)(dij /Sy + 1) — M(1 — Xiji), Yk € (2 (11)
zienF Zje_QFXijk (f(Cy)(dij/Sp + 7)) < E,Vk € (12)
Cik 20 (14)
Oy =20 (15)
Xijr €{0,1} (16)

Formula (3) is the optimized objective function, including reducing the number of UAVs and their total
power consumption. « represents the weight coefficient for the number of UAVs; g denotes the weight

coefficient for power consumption. When a=1 and =0, the only optimization objective is to reduce the number
of UAVs; when a=0 and 3=1, the only optimization objective is to reduce the power consumption of UAVs.
Another weight method is adopted, a very great positive integer M is taken, and when « is closeto 1, g is

the reciprocal of M. To ensure that value range of the part after the plus sign on the right side of Formula (3)
is 0-1, M>2E should be satisfied; As the change in the number of UAVs before the plus sign on the right side
of Formula (3) is an integer variable, Formula (3) indicates that the main optimization objective is to reduce the
number of UAVs while the secondary objective is to reduce the power consumption of UAVs. Formula (4)
means that for any customer point, the corresponding backward node can only be a point, i.e., ensuring that
each customer point will be served only once. Formula (5) indicates that for any customer point, the
corresponding forward node can only be a point, i.e., ensuring that each customer point will be served only
once. Formula (6) ensures that each UAV starts from the warehouse point and finally returns to this point.
Formula (7) manifests that the load capacity of UAVs during one flight should not exceed the maximum load
capacity of UAVs. Formula (8) means that if UAV k works at customer point i, it must be UAV k that leaves
after completing the work, i.e., ensuring that each customer point can only be served by one UAV
simultaneously. Formula (9) indicates the flight time change when a UAV flies from customer point i to customer
point j. Formula (10) denotes the change of the residual load capacity when UAV k flies from customer point i
to customer point j. Formula (11) constrains that when UAV k flies from customer point i to customer point j,
the residual battery capacity when leaving customer point i should be greater than the residual battery capacity
when leaving customer point j. Formula (12) ensures that the total power consumption for a UAV to complete
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one loop should be greater than or equal to the total battery capacity of this UAV. Formula (13) ensures that
the residual time of UAVs is a positive value.

Formula (14) ensures that the residual load capacity of UAVs is positive. Formula (15) ensures that
the residual battery capacity of UAVs is positive. Formula (15) is a decision variable, when UAV Kk flies from
customer point i to customer point j, X;j, = 1, otherwise, it is equal to 0.

How to solve the path optimization problem accurately and efficiently has always been a major
problem. In the existing research, heuristic algorithm is generally used to solve similar problems. As a heuristic
algorithm, whale optimization algorithm has been widely developed and applied because of its simple
mechanism, few parameters and strong optimization ability. By improving the standard PSO algorithm, models
can be solved faster and more effectively.

PSO algorithm

The PSO algorithm assumes that every member of the population is a particle with no mass and the
same volume, and each particle has a memory and moves at a specific speed. Each particle is extended to
form an n-dimensional structure, and all particles are given the fitness value of the function. When the PSO
algorithm is started, the particles will be distributed at any position in space, that is, initializing the random
solution set. In the subsequent iterative evolution, the particles will not only remember their own “best
experience” but also learn from other particles’ “best experience”, and then constantly adjust the direction and
speed of movement to move to the destination with “best experience”. The particle moves in the space limited
by the optimization condition, and its movement direction is influenced by three factors: the movement speed
of the particle, the best position of itself and the best position of the whole population.

The PSO algorithm model is described as follows: Assuming an E-dimensional search space, the
particle swarm P consists of m particles, and all particles therein move at a specific speed. The position of the
m particles is expressed as X = {X1, X2, X3,..., Xy}, their speed as V = {V1,V2,V3,...,Vn}, and their position in
the space as E -dimensional vector X . X = (Xi1, Xiz, Xi3,---» Xig),(i = 1,2,3,...,n) . For instance, the L -
dimensional position of the i -th particle is X;;. During algorithm operation, the particles will share information
with other particles according to their own path memory, the position of each particle is continuously adjusted
as per its movement speed, and the speed of the i -th particle is V = (v;1, Vi2, Vi3, K, vig), (i = 1,2,3,K,n).
Assuming that the best historical position reached by one particle is expressed as p; =
(Pi1» Diz Pis» -+ PiE),(i = 1,2,3,...,n), the best position obtained by all particles in the particle swarm is g; =
(911,912, 93, ---» 9ie),(i = 1,2,3,...,n). Each particle is slightly correlated with the objective function and fitness
value, and the particle position X is substituted into the objective function to obtain the corresponding function
fitness value. By comparing fithess values, their matching degree with the objective function can be judged,
and finally particles will continuously adjust their speed and position to find out the optimal solution of the
objective function.

During algorithm operation, particles share information with other particles based on their own
path memory. The position of each particle is continuously adjusted according to their movement speed,
and the speed of the i-th particle is expressed as V = (v;1, Vi2, Vis, K, vig), (i = 1,2,3, K,n). Assuming that the
best historical position reached by one particle is denoted as p; = (Pi1,Piz,Pis,--+»Pie),(i = 1,2,3,...,n), the
best position obtained by all particles in the particle swarm is g; = (9i1» 9i2, 9i3»--+» 9ie),(i = 1,2,3,...,n).
Each particle is slightly correlated with the objective function and fitness value, and the particle position
X is substituted into the objective function to obtain the corresponding function fitness value. By
comparing fitness values, their matching degree with the objective function can be judged, and finally
particles will continuously adjust their speed and position to find out the optimal solution of the objective
function.

Taking seeking for the minimum value in the structure for example, the individual iterative formula is
shown in Formula (17):

-n+1y - -n+1 -n
i+l — {f(Xi )if fXT) <p; (17)

i -n
p; | else
Particles operate with the algorithm, and their speed and position changes are expressed by Formulas
(18) and (19):

K+1 _ K K K K K
Vie = Vie +con (pie - xie) + Co1 (pge — Xie (18)
K+1 _ . K K+1
Xie = Xie + Vie (19)

757



Vol. 74, No. 3 / 2024 INMATEH - Agricultural Engineering

In the above formula, i = 1,2,3+:,K;e = 1,2,3,--,K; ¢1 and cz generally fluctuate within 0-4, usually
taken as 2; r; and r, are random numbers within [0,1]. X indicates the present e-dimensional position of
particle i in the K-the iteration.

Improved PSO algorithm

Given the abovementioned advantages and disadvantages of PSO algorithm and in order to overcome
the proneness of PSO algorithm to local optimum and realize the stronger optimization ability and the higher
convergence rate, algorithm parameters were first improved, and learning factors c1 and ¢, and inertia weight
o were subjected to algorithm optimization. The learning factors c¢1 and c2 were improved as follows: Self-
learning factor c, and social learning factor c,tended to change synchronously in the running process of the

improved PSO algorithm, and the two continuously changed within [cpin, cmax] With time during the whole
optimization process. This optimization measure improved the learning ability of particles before algorithm
operation, and particles were searched globally; after algorithm improvement, the social learning ability of
particles was relatively weak but their self-learning ability was strong, which could accelerate convergence to
obtain the optimal solution faster. The value of the learning factor upon the t-th iteration is solved as per
Formula (20):

€L = Cp = Cpay — —B2X5min o ¢ (20)

tmax
The inertia weight @ was improved as below: The linear decrease in @ could easily lead to the local

optimum of the PSO algorithm. To avoid this circumstance, in the improved PSO algorithm, o was set to a

variable number randomly distributed with movement during operation. First, at the initial evolution stage with

the gradual closeness to the optimal point, relatively efficient values might be randomly generated to accelerate

the algorithm convergence rate; then, if the algorithm failed to search the optimal value in the initial stage,

values would be randomly generated according to the specific circumstance to overcome the local optimum

induced by linear decrease. The calculation formula for » is as shown in Formula (21).
{ w=u+0x=N(0,1)

K = Umin + (Bmax — Hmin) * rand(0,1)
Where N(0,1) represents the variable number following a quasi-normal distribution; rand (0,1) denotes

(21)

a variable number within 0-1. In addition to the improvement of learning factors c,and c, and inertia weight

w, the model results could reach the optimum if relevant parameters were adjusted according to the established
model in this study.

RESULTS
Hardware environment and parameter settings

To verify the effectiveness of the model and algorithm under different scales, the central city area of
XX City was taken as the study area. Taking the location distribution as the standard, several nodes whose
distribution relatively conform to the problem description were screened out, including 1 logistics & freight
transportation center as the central warehouse (position coordinate: 50,50, unit: km) and 50 intelligent express
delivery cabinets as the UAV express delivery cabinets plus the quantity demanded, as shown in Table 1.

Position coordinates of UAV express delivery cabinets and quantity demanded Tabled
No. X Y Quantity No. X % Quantity
(km) (km) | demanded (kg) (km) (km) demanded (kg)
1 37 30 1 26 46 46 2
2 57 79 3 27 78 72 2
3 78 21 1 28 37 11 1
4 18 62 1 29 98 23 1
5 67 50 1 30 83 37 1
6 55 76 2 31 10 49 2
7 32 58 2 32 28 100 3
8 54 76 2 33 58 30 1
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No. X Y Quantity No. X \% Quantity
(km) (km) | demanded (kg) (km) (km) demanded (kg)

9 10 53 1 34 66 18 4

10 33 61 1 35 4 78 4

11 78 45 1 36 4 68 2

12 59 12 2 37 37 42 2

13 16 11 3 38 64 74 1

14 76 55 1 39 79 30 1

15 80 2 4 40 79 68 1

16 13 43 4 41 28 8 2

17 37 54 2 42 38 30 3

18 55 18 2 43 44 100 1

19 32 29 1 44 25 1 4

20 68 40 1 45 78 26 4

21 75 94 2 46 33 74 2

22 60 89 2 47 27 79 2

23 65 33 1 48 76 79 1

24 58 7 1 49 35 61 1

25 77 69 1 50 67 95 1

The battery capacity of UAVs was, 6.48x106C, the power consumption within unit time was 70.4C/s,
the maximum load capacity was 15 kg, the no-load duration of flight was 120 min, the full-load duration of flight
was 30 min, the flight speed was 20 m/s, the hovering time was 30 s, and the proportionality coefficient was
U=1.5. This example was solved using the improved PSO algorithm. The population size of the algorithm was
designed as 100, the number of VND iterations as 100, and the cycle index as 100. The duration of flight was
taken as the mean value (120 min) of full-load duration and no-load duration, i.e., « = 1,M = 50000, = 1/M.

Simulation results

Based on the above designed model, the example was solved using the improved PSO algorithm. The
results show that a total of 6 UAVs are needed to serve all customer points as required, the algorithm
convergence curve is displayed in Fig 1, and the customer points served by each UAV are exhibited in Fig 2.
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Fig. 1 - Convergence curve of improved PSO algorithm

Fig. 2 —Optimal distribution path of improved PSO algorithm

The calculation example was solved using the improved PSO algorithm, and the UAV path results
obtained by the improved PSO algorithm are displayed in Table 2.
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In Table 4. No.1 represents UAV distribution station, and No.2-51 denote 50 demand points; a total of
7 UAVs return to the distribution station after completing the distribution task. The total flight distance is 998.56
km and the algorithm convergence time is 854.72 s.

Table 2
UAV path of improved PSO algorithm
SIN UAV path
UAV1 0—-7—-10—-49—-17—-26—37—-1-42—-19-0
UAV2 0—44—41-28—24—-12—-18—-33—20—23—-0
UAV3 0—39—45—-3—34—15—-29—0
UAV4 0—-50—21—-48—-27—-25—40—-14—11-30—-5—-0
UAV5 0—38—2—6—8—-22—43—-32—-4—-0
UAV6 0—-9—-31-36—35—-47—46—0
UAV7 0—16—13—-0

Algorithm verification

To further verify the effectiveness of the algorithm, the basic PSO algorithm was adopted to test an
example under the same simulation conditions. The difference between the basic PSO algorithm and the
improved PSO algorithm is that the former lacks the optimization of learning factors and inertia weights. The
experimental results obtained by the basic PSO algorithm based on repeated tests are shown in Table 3, the
convergence curve of the algorithm is shown in Fig 3, and the path of the UAVs is shown in Fig 4. A total of 8
UAVSs return to the distribution station after completing the distribution task. The total flight distance is 1074.12
km, and the convergence time of the algorithm is 992.56 s.

According to the experimental results in Table 2 and Table 3, the improved PSO is superior to the
basic PSO algorithm in solving the bilevel task planning problem for multi-agricultural UAV logistics distribution.
Besides, the improved PSO performs better than the basic PSO in terms of the total flight distance, the number
of UAVs enabled and the convergence time of the algorithm. This shows that the optimization of learning
factors and inertia weights by improved PSO ensures the diversity of particle swarm, enhances the local search
ability of the algorithm, and improves the accuracy and quality of the solution. This manifests that PSO can
better arrange the customer distribution order, meet the time window of customers to the greatest extent, and
improve their consumption experience. Therefore, for the bilevel task planning problem of multi- UAV logistics
distribution, the improved PSO algorithm has more advantages than the basic PSO algorithm, because
particles have the characteristics of dynamically tracking extreme values and storing historical memories, and
it is easier to detect changes in the external environment, so as to jump out of the previous environment to
adapt to the new environmental conditions, making it easier to search for the global optimal solution to the
problem.
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Fig. 3— Convergence curve of basic PSO algorithm Fig. 4 — Optimal distribution path of basic PSO algorithm

Table 3
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UAV path of basic PSO algorithm

SIN UAV path
UAV1 0—20—23—33—34—3—45—-0
UAV2 0—39—-28—41—-44—-13—-19-0
UAV3 0—1-42—37—-26—17—10—49-0
UAV4 0—-7—31-9—-16—4—36—0
UAVS5 0—35—46—47—32—43—0
UAVE 0—40—25—27—48—-38—2—-0
UAV7 0—6—8—22—-50—-21-14—-5—-11-0
UAVS 0—30—29—-15—-24—-12—-18-0

CONCLUSIONS

The bilevel task planning for multi-UAV logistics distribution is one of the hot topics in the academic
circles in China and abroad at this stage. Multi-UAV task allocation and path planning do not exist
independently, so their coupling relationship must be considered to carry out integrated research. Considering
the factors of energy consumption and time window, UAV path problem modeling and solving algorithm were
investigated in this study, which can not only provide decision-making reference for the R & D, application and
promotion of logistics UAVs in relevant enterprises but also enrich and extend the theoretical research on
vehicle paths in the academic circles. Specifically, the model was solved by designing the improved PSO
algorithm, which could gain an effective task allocation and path planning scheme and provide theoretical
guidance for practicing the bilevel task planning problem of multi-UAV logistics distribution. The established
bilevel task planning model for multi-UAV logistics distribution and the adopted example can be referenced by
other research work. In the follow-up research, accurate algorithms with better solving efficiency or heuristic
algorithms with better solving effects can be searched for, and the modeling and solving algorithm for the
extended problem of bilevel task planning for multi-UAV logistics distribution can also be explored. In addition,
this article focuses on the flight path at the planning level and does not address the issue of flight conflicts at
the operational level. In the future, the focus will be on solving this problem.
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