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Abstract—The application of drones in the last-mile distri-
bution is a research hotspot in recent years. Different from
the previous urban distribution mode that depends on trucks,
this paper proposes a novel package pick-up and delivery mode
and system in which multiple drones collaborate with automatic
devices. The proposed mode uses free areas on the top of
residential buildings to set automatic devices as delivery and
pick-up points of packages, and employs drones to transport
packages between buildings and depots. Integrated scheduling
problem of package drop-pickup considering m-drone, m-depot,
m-customer is crucial for the system. We propose a simulated-
annealing-based two-phase optimization approach (SATO) to
solve this problem. In the first phase, tasks are allocated to
depots for serving, such that the initial problem is decomposed
into multiple single depot scheduling problems with m-drone. In
the second phase, considering the drone capability constraints
and task demand constraints, we generate the route planning
scheme for drones in each depot. Concurrently, an improved
variable neighborhood descent algorithm (IVND) is designed in
the first phase to reallocate tasks, and a local search algorithm
(LLS) are proposed to search the high-quality solution in the
second phase. Finally, extensive experiments and comparative
studies are conducted to test the effectiveness of the proposed
approach. Experiments indicate that the proposed SATO-IVND
can reduce the cost by more than 14% in a reasonable time
compared with several other peer algorithms.

Index Terms—Ilast-mile distribution, drop-pickup, drone, two-
phase optimization approach, SATO-IVND.

I. INTRODUCTION

HE last link of logistics transportation is last-mile pack-
age delivery [1]. In this part, logistics enterprises need
to communicate with customers directly and deliver package
to them. The rapid development of e-commerce has driven
the development of express industry, and also promoted con-
tinuous changes of package delivery mode. As a new delivery
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tool, drones have been increasingly considered in the last-mile
delivery because of its flexibility, low cost and high reliability.
Since the traffic congestion occurs frequently in the urban
environment, classical delivery tools may be inefficient in rush
hours. In contrast, drones have obvious advantages in urban
package delivery. Firstly, drones are not restricted by road
conditions and can deliver package without drivers, so that
carrying packages by drones can be done all day. In addition,
drones can reach areas that are inaccessible to trucks, such as
residential areas.

The common settings of the last-mile delivery include
couriers, delivery stations, intelligent express cabinets, etc.
With the development of the e-commerce business and the
expansion of cities, the shortcomings of these models are
becoming more and more obvious. Couriers delivers or picks
up packages door to door. However, delivery or pickup by
couriers is less efficient and has high human cost. Delivery
by delivery stations or intelligent express cabinets is more
efficient to deal with packages. Customers can go to the sites
to pick up or deliver their packages. However, the location
of setting delivery stations and intelligent express cabinets are
usually restricted by limited space in urban. Additionally, the
customers who live far from the delivery station and intelligent
express cabinet need to spend much time and resources to pick
up packages.

In order to deal with the above problems in the last-
mile delivery, many scholars began to design new distribution
modes in which the application of drone has attracted much
attention. Amazon started trying to deliver small packages by
drones in 2013 [2]. Subsequently, several other companies
have begun similar research. DHL is trying to deliver medicine
by drones to people who are living in remote areas [3]]. Many
Chinese enterprises, such as Meituan, Jingdong, Shunfeng , are
also committed to research on providing just-in-time delivery
services by drones [4], [3].

Compared with the traditional delivery modes, deliverying
with drones can effectively ease the pressure of the manual
delivery. As drones are flexible and easy to operate, delivery
with drones is almost unlimited by traffic conditions. Obvi-
ously, this mode of delivery can deliver packages successfully
and potentially bring better service quality for the last-mile
delivery, even in a crowded city. Nevertheless, due to the
current power restriction in long distance delivery, single drone
delivery is limited to some constraints, such as the flying range
constraint [6]. and load capacity constraint [[7]. Therefore, the
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limited battery capacity of drones is the current challenge for
delivering many packages in a large area. To address this
issue, scholars have developed two common settings for drone
delivery.

The first one is that the drone is only used to deliver
packages. Dorling et al. proposed that optimizing battery
weight and payload weight can reduce the cost for drone
delivery. Song et al. [9] proposed persistent UAV delivery
schedules that drones are allowed to share multiple stations
to replenish their consumables. This mode may have security
risk in urban environment when drones with delivery packages
take off and land from customers.

The other one is the combined truck-drone delivery. In 2015,
Murray and Chu [10] proposed a delivery mode which used a
truck and a drone working cooperatively for delivering pack-
ages. Phan et al. [T1]] proposed Traveling Salesman Problem
with Multiple Drones (TSP-mD), and employed trucks and
drones to deliver packages in parallel. However, there are still
many challenges in this mode. For example, it is difficult to
arrange a parking stop for trucks and security risk may exist
when drones takeoff and landing from trucks or customers.

However, different from the above modes, we propose a
novel last-mile delivery mode and system. We named this
system as the Drone Package Pickup and Delivery System,
which will make good use of the free area at the top of
the residential building. In our system, we set the automatic
devices at the top of the building to deposit packages and
use drones to deliver packages between buildings and depots.
When the package is transported to the right place, the auto-
matic device can identify the unique barcode of the package
and deposit the package. In addition, the device will inform
customers to pick up their packages. In order to make it more
convenient for customers to send packages, customers can
make an appointment of delivery service at home or anywhere
they like. After customers put their packages on the automatic
device, the system will arrange drones to pick up and transport
the packages. On the one hand, the whole process is carried out
on the roof, so it is not limited by the conditions of urban and
it is more security during for drones to takeoff and land. On
the other hand, the whole delivery process is almost completed
by drones and automation devices. Therefore, it can reduce the
human cost of delivery, improve customers’ satisfaction, and
promote intelligent distribution in last-mile. The whole system
is efficient and robust.

The integrated scheduling with m-drone, m-customer and
m-depot is crucial for the Drone Package Pickup and De-
livery System. This problem has been proved to be an NP-
hard problem [12]]. Exact algorithms can obtain the optimal
solution of the problem at the cost of high computational
complexity and much running time [13]. In contrast, heuristic
algorithms [14], [13] and metaheuristic algorithms [16] are
popular and promising alternatives for solving large-scale
problem. Currently, package delivery with drones is taken into
account in relevant research, while package pick-up is scarcely
mentioned. In addition, for the integrated scheduling problem
considering drop-pickup, few algorithms can find high-quality
solution in a reasonable time.

Hence, we designed a simulated-annealing-based two-phase

optimization approach (SATO) to solve this problem. This ap-
proach divides the initial problem into a task allocation phase
of m-depot and a route planning phase of each single depot. In
the task allocation phase, we generate a task allocation scheme
for each depot, such that the original problem is decomposed
into route planning problems. In the route planning phase, we
plan pick-up and delivery route of drones based on the task
allocation scheme. The route planning of drones must meet
the drone capacity constraints and task demand constraints.
These two phases are executed iteratively and interactively
until the predefined stopping criteria are satisfied. Under the
framework, in the task allocation phase, we employ k-means
algorithm to generate an initial task allocation scheme, and
propose an improved variable neighborhood descent algorithm
(IVND) to reallocate tasks. In the route planning phase, the
effect of payload on drone fly range is considered and heuristic
rules are used to construct route planning for each single
depot. Besides, a local search algorithm is designed (LS) for
exploit better route planning. Consequently, an iterative two-
phase optimization method, named SATO-IVND for short,
is proposed for the integrated scheduling problem with m-
drone, m-customer and m-depot. The proposed two-phase
approach (SATO) can effectively reduce the complexity of the
original problem, while IVND and LS can explore and exploit
satisfactory solution.

The main contributions of this paper are highlighted as
follows:

o We propose a novel drone package pickup and delivery
mode and system to realize agile and efficient last-mile
delivery. As the limitations of space in urban environment
and security risk during takeoff and landing of drones, in
the system, automatic devices are placed in the free area
on the top of the residential building. We use automatic
devices as the delivery and pick-up point of packages and
use drones to transport packages between buildings and
depots.

o To address the scheduling and routing problem in the pro-
posed system, we develop a simulated-annealing-based
two-phase optimization approach (SATO). In the first
phase, we generate a task allocation scheme for each
depot. In the second phase, route planning of drones is
generated for every depot according to the task allocation
scheme generated in the first phase. These two phases are
executed iteratively and interactively until the predefined
stopping criteria are satisfied. This approach can reduce
the computational complexity and solve problems effi-
ciently.

o We propose an improved variable neighborhood descent
(IVND) to assist the task allocation in the first phase and
a local search algorithm (LS) to design the route planning
in the second phase. IVND algorithm is designed for
generating task allocation scheme considering the drone
capability constraints and task demand constraints. LS is
used to search a satisfactory scheme based on the current
best scheme generated by IVND. It can find the high-
quality scheduling schemes effectively.

¢ We conduct extensive experiments to validate the ef-



ficiency of the proposed SATO-IVND algorithm. The
experimental results show that SATO-IVND is superior
to the other six heuristics and metaheuristics with respect
to solution quality and computing overhead, especially
for large-scale problems. In addition, under a realistic
scenario with 80 tasks, the proposed SATO-IVND gener-
ates a high-quality scheduling scheme, demonstrating its
effectiveness and practicability.

The rest of this paper is organized as follows: Section II
reviews the related work. Section III constructs the model of
the drone package delivery and pickup. Section IV describes
the two-phase optimization approach we proposed. Section
V covers the computational experiments result. Section VI
provides conclusions and future study trend.

II. RELATED STUDIES

With the maturity of technology, drones are widely used
in various traffic fields, such as package delivery, traffic data
acquisition and traffic surveillance [17]. Among them, package
delivery with drones is a research hotspot in recent years.
Also, with the increase of online shopping, the reverse logistics
caused by returning and changing items are lack of scientific
solutions. Thus, our research mainly focuses on the application
of drones in last-mile package delivery and pickup.

To the best of our knowledge, the research on the application
of drones in package delivery mostly focuses on two modes:
the independent use of drones or “truck & drone” [18]]. For
example, Mathew et al. established a cooperative package
delivery mode with a truck and a drone, in which customers
can be served by the drone. Also, as an auxiliary, the truck can
provide packages transportation, charging and other services
for the drone. Then the work was later extended by Karak and
Abdelghany to consider delivering and picking up package by
drone and truck [20]. Wang et al. addressed a setting
that customers can be served by trucks or drones. Besides, in
their design, trucks can also serve as a depot and a landing
platform for drones. Different from previous studies, Dayarian
et al. introduced a new package delivery mode that trucks
are used to deliver packages for customers and are resupplied
by drones.

Integrated scheduling of m-depot, m-customer, m-drone is
a kind of combinatorial optimization problem satisfying some
constraints such as drop-pickup, the drone capacity constraints
and task demand constraints. Like solving common integrated
scheduling problems of m-drones, task allocation and route
planning are two main parts to deal with the initial problem
[23]. Task allocation will determine which depot the tasks
will be assigned to, while route planning will determine the
order of task access. Previous work tried to solve integrated
scheduling problems of m-drone as a whole, which makes
it hard to generate high-quality scheduling schemes in a
reasonable time. To solve the issue, some studies focused
on the innovation of scheduling framework when address-
ing complex scheduling problems. For example, Deng et al.
proposed a two-phase coordinated planning approach for
heterogeneous Earth-observation resources, which included an
area target decomposition phase and a task allocation phase.

Liu et al. proposed a divide and conquer framework to
solve multi-drone task scheduling problems, which included a
task allocation phase and a single drone scheduling phase.

The search algorithms for task allocation mainly include
heuristic algorithm and metaheuristic algorithm like cluster-
ing algorithms [26]],distributed algorithm based on market
mechanism [27]], randomized greedy-algorithm [28], genetic
algorithm (GA) etc. At present, distributed algorithm
based on market mechanism is widely used in task allocation.
For example, Lee et al. proposed a decentralized auction
algorithm for task allocation. In each round of auction, the
robots bid for its most ideal task, and the decision system
would determine the ownership of the task. This algorithm
exhibits high communication requires and the communication
cost may be a little high. Metaheuristic algorithms, such as
GA, need continuous iterative calculation to deal with the
task allocation problem. Randomized greedy-algorithm and
clustering algorithms are often invoked in the initial task
allocation phase. The key of randomized greedy-algorithms is
the choice of greedy strategy, while Clustering algorithm can
generate task allocation schemes considering the geographic
locations of tasks.

The search algorithms for route planning mainly include
exact algorithms [30]], heuristic and metaheuristic algorithms
[31]]. Exact algorithms are capable of finding the optimal solu-
tion of small-scale problems. However, exact algorithms may
not be suitable for solving large-scale problems because of its
high computational complexity [32]. Heuristic algorithms and
metaheuristic algorithms could be more suitable for finding
satisfactory solutions of large-scale problems. Metaheuristic
algorithms can be applied to different problems, but the
optimization effect could be unstable without sophisticated
design. Heuristic algorithms are generally oriented specific
problems, but they depend on specific heuristic rules. Ex-
tensive works have been done to improve the efficiency of
the algorithms. Liu et al. [23)lapplied tabu list to simulated
annealing algorithm (SA), which prohibited the circulation
or repetition of solutions in a short time, and experiments
demonstrated that it can effectively reduce the consumption
of solving time. Peng et al. [33] proposed a hybrid genetic
algorithm to resolve traveling salesman problem with multiple
drones. Gao et al. used deep reinforcement learning to
train the destroy and repair operators of large neighborhood
search algorithm (LNS), and its good performance is proved
by experiments. Kitjacharoenchai et al. proposed a LNS
to find the promising route of trucks and drones. Li et al. [36]
proposed a LNS algorithm for scheduling of trucks and drones.
Ferrandez et al. adopted k-means and genetic algorithm
to optimize the route planning of truck and drone.

Based on the analyses of the above existing research
progress, it can be found that:

(1) Most of the literatures focus on the application of drones
to deliver packages without considering picking up packages
at the same time.

(2) Previous works try to solve integrated scheduling prob-
lem of m-drone, m-customer and m-depot as a whole, which
result in classical heuristic algorithm and metaheuristic al-
gorithm hardly can generate satisfactory solutions time effi-



ciently.

(3) Combined truck-drone delivery is more suitable in rural
areas, while in urban environment the mode may be difficult to
arrange stops for trucks and have security risk during drones’
takeoff and landing.

In brief, we propose a novel package pick-up and delivery
mode and system, then we construct a mixed integer linear
programming (MILP) model for integrated scheduling problem
of m-drone, m-customer and m-depot considering drop-pickup.
After that, we propose a two-phase optimization framework
to help solve the original problem. Finally, we design SATO-
IVND algorithm, which shows good performance in dealing
with large-scale task allocation and route planning problem.

III. MODEL OF THE DRONE PACKAGE DELIVERY AND
Pickup

A. Problem Assumptions

The Drone Package Pickup and Delivery System for urban
last-mile distribution in this study consists of m-drone, m-
depot, m-customer. We suppose that: (1) there are multiple
drone stations in the city; (2) each station has multiple drones;
(3) each drone station can also be regarded as a depot.

The roof of urban residential building is used as the de-
livery/pickup point of drones. Each delivery/pickup point can
be regarded as a customer. Additionally, each customer may
contain many tasks of package delivery and pickup. Also, each
customer can be visited many times. Automatic devices are
placed on the roof to store, load and unload packages. The
drone can load or unload packages on the roof and then go to
the next location. In addition, the drone can replace its battery
on the top of the residential building automatically, and the
replaced battery can be charged on the roof, so as to improve
the transportation efficiency and enlarge drone flying range.

As shown in Fig. [l the system has multiple customers,
multiple depots and multiple drones. The green line indicates
that drone can deliver packages from the depot to the customer
and drop packages, then the drone can return to depot or fly
to next customer. The red line indicates that drone can deliver
package from the depot to customer and drop package; if
customer need package pickup service, the drone will pick up
package from the customer and return to depot. The orange
line indicates that drone can fly to customer for picking up
package and return to depot. The problem can be regarded
as integrated scheduling problem of m-depot, m-drone, m-
customer considering drop-pickup.

During the drone delivery, drones can encounter some
obstacles in the urban environment. For obstacle avoidance
of drone, we can refer to the method of Liu et al. , which
proposed an autonomous path planning method. When drone
encounters obstacle, the method generates two paths between
two points based on tangent intersection and target guidance
strategy. Then one of the paths is selected according to the
heuristic rules (distance, obstacle avoidance conditions, etc.).

The assumptions of this paper are as follows:

(1) The packages transported by drones are packed in
special boxes of uniform size.

(2) The charging time of drones is not considered.

(3) Drone will fly directly to the customer without detour.

(4) Drone can only carry one package each time.

(5) Drones fly with constant speed without considering the
energy consumption of drone take-off and landing.

B. Parameters

TABLE I
DESCRIPTION OF MAIN NOTATIONS

Notations ~ Description

B A set of depots, B=1,2,--- ,m
U A set of drones, U = 1,2,--- ,k
C A set of tasks, C' =1,2,--- ¢
k Index of drone

n Index of package

T; Task type of task %

Ch The weight of package n

Cmazx Maximum capacity of drone

h Maximum flying range of drone
d;,; The distance between point , j

Basic element description: let m denote the number of
depots. Let ¢ denote the number of tasks. In order to dis-
tinguish three different task types including package pick-
up only, package delivery only, package pick-up and delivery
simultaneously, we define three sets: DROP, PICKUP, PICK-
DROP. DROP denotes the set of tasks which need package
delivery service only. PICKUP denotes the set of tasks which
need package pick-up service only. PICK-DROP denotes the
set of tasks which need package pick-up and delivery service
concurrently. In order to distinguish two different operations
of package pickup or delivery in the same task, we factor-
ize each task into two virtual tasks. Two virtual task sets
Ccrick = £1,2,..- ¢} and C¥P = {c+1,c+2,---,2¢c}
are created for the initial task set C'. For example, the original
task i € C corresponds to task i € CP** and task i € CIoP,
The main notation used in this paper are listed in Table I.

We define a binary variable xf o which denotes whether the
drone k flies from task ¢ to task j. If the drone k flies from
task ¢ to task 7, xfj = 1. Otherwise, xfj =0.

We define a binary variable uj, to denote whether the drone
k start or not. If the drone k is used for completing tasks,
ug = 1. Otherwise, u; = 0.

We define an integer variable 7; to denote the task type of
task <. If task ¢ need package delivery service, then we have
T; = —1; If task ¢ need package pickup service, we have
T; = 1; T; = 0 means that task 7 have no need of package
delivery/ pickup.

We define a variable h* to donate the flying range of drone k
when it carries package n. The flight time of drone decreases
linearly with the increase of payload [39].There is a linear
correlation between flight time and flying range when drone
is in uniform speed. Therefore, there is a linear correlation
between the flying range and payload of drone. h* can be
formulated as follows:
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Fig. 1. The Drone Package Pickup and Delivery Mode and System.

h =1 )

where (3 is the payload penalty factor of drone. The flying
range and energy consumption of drones are significantly
affected by payload [40].When the drone power is constant,
the flying range of drone decreases linearly with the increase
of payload. Refer to the weight function of flight time based
on the number of packages loaded in literature [9], S is given
as follows:

B(Cn) = Bt C 11 )

where (4, is the maximum of 3. When the drone is empty,
8 = 1. Meanwhile, = 3,4, When the drone is fully loaded.

C. Model

The original problem of this paper is an integrated schedul-
ing of m-depot, m-customer, m-drone constrained by drop-
pickup, flying range and payload, etc. It can be seen as an
m-drone parallel scheduling traveling salesman problem (mD-
PSTSP). In order to find a high-quality solution, we build a
model to minimize the total cost of drones, mainly including
the flight costs of drones and the number of drone launch
sorties [41]].

The model of the drone package delivery and pick-up can
be formulated as follows:

Minimizef = o > Yo Y dig -k
i€ BUCj€ BUC, j#ikeU ’ 3)
+p > uk
keU
Cl:
xf; €{0,1},Vke U,i,je BUC 4)
C2:

T; € {0,1},Vi € CPick (5)
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T;+Tjr. = —1,Yi € DROP @)
T+ Tiyo = 1,Yi € PICKUP (8)

T+ Tire = 0,¥i € PICK — DROP, T, # T (9)
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> Yap=1vieC (10)
kEUbEB
3 Zxﬁbzl,ViEC (11)
kEUbEB
C4-.
xfj =1,Vie DROP ke U (12)
jJEBUPICKUP
Y af,=1Vie PICKUPkeU (13)
beB
> Y af,=1,Vie PICK —DROPk€U (g
keUbeB
Cs:
di7j§hfl,Vi,j€BUC,kEU (15)
C6:
cn < Cmaz (16)

In our model, the objective function f(Eq. (3)) aims to
minimize the total cost of drones. The first part of f is to
minimize the travel cost of drones, as the longer the drone
flies, the more energy it consumes; the second part of f is to
minimize the number of drone launch sorties. Besides, o and
p (a,p € [0,1]) are the weight coefficients of the two parts
respectively [31].

The decision variables of the proposed model are prescribed
in constraint C1. Constraint C2 prescribes the type of task <.
Constraint C3 means that the drone must start from the depot
and finally return to the nearest depot after completing all its



scheduled tasks. Constraint C4 prescribes the constraints about
tasks. Eq. (12) means that after drone completes the delivery
task, it can choose to go to the next point with the demand
of package pick-up or return to the nearest depot; Eq. (13)
means that the drone shall return to the nearest depot after
completing the package pick-up task, since the drone can only
carry one package at a time; Eq. (14) means that the task which
has demands of package delivery and pick-up simultaneously
shall be serviced by one drone. Then, constraint C5 represents
flying range constraint, which means the distance between task
1 and j should not exceed the maximum fly range of the drone.
Constraint C6 represents drone loading constraint, the weight
of package loaded by drone cannot exceed the maximum load
of drone.

IV. TWO-PHASE OPTIMIZATION APPROACH

The integrated scheduling of m-depot, m-customer, m-drone
constrained by drop-pickup, flying range and payload etc., is a
complex combinatorial optimization problem. In this section,
we will design a two-phase optimization method to solve this
kind of problem, thus improving the efficiency of finding a
high-quality solution.

A. Algorithm Framework

With the increasing number of tasks, the complexity of
combinatorial optimization problem increases sharply. Tradi-
tional heuristic algorithms and metaheuristic algorithms are
difficult to find satisfactory solution in a reasonable time. Thus,
we design a SATO-IVND algorithm to resolve the original
problem. The simulated-annealing-based two-phase optimiza-
tion approach (SATO) decomposes the original integrated
scheduling problem into two phases: a task allocation phase
of m-depot and a route planning phase of each single depot.
In the first phase, the original m-depot integrated scheduling
problem is transformed into multiple single depot route plan-
ning problem; in the second phase, multiple route planning
schemes for each single depot are found to complete all tasks.
The two stages are iteratively and interactively performed in
order to find a high-quality solution. The framework of two-
phase optimization approach SATO-IVND is shown in Fig.
The pseudocode of the SATO-IVND is shown as Algorithm
1.

In task allocation phase, we divide all tasks into three types:
package pickup only, package delivery only and package
pickup & drop concurrently. After classification of all tasks,
the k-means algorithm is used to generate an initial task allo-
cation scheme considering the geographical location of tasks.
Then, the integrated scheduling problem of multiple depots is
transformed into single depot scheduling problem. According
to the scheduling results, we design an improved variable
neighborhood descent algorithm (IVND) to adjust the allo-
cation scheme. Simultaneously, six neighborhood transforma-
tion operators (i.e., 2-exchange, 3-exchange, 30%-exchange,
relocation, other-relocation and 10%-relocation) are designed
in IVND to adjust the allocation scheme. 2-exchange, 3-
exchange and 30%-exchange are used to adjust the allocation
scheme in a depot. Two or more drones in a depot can
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Fig. 2. The framework of SATO-IVND.

exchange tasks assigned to them. Relocation, other-relocation
and 10%-relocation are used to adjust the task allocation
scheme between two depots. The result generated by IVND
will be accepted as the new allocation scheme if it satisfies the
condition of Metropolis principles. The Metropolis principles
[8] are as follows:

1, if df <0,
N { exp(—(4)) , otherwise 17
Where df = f(So) — f(S), f(So) is the objective function
value of new solution and f(S) is the objective function value
of the previous solution. Besides, P is the probability of accept
a new solution. If df < 0 then we accept the new solution
with probability 1; otherwise, we accept the new solution with
probability exp(—(L)).

Then we need to generate ordered route planning scheme in
the second phase. In the second phase, based on the result of
task allocation derived in the first phase, some rules are used
to generate the initial route planning for each single depot
considering all constrains. Additionally, the LS algorithm is
designed to refine the result of route planning. It is worth
noting that the elitist mechanism would decide whether to ac-
cept the new solution generated by LS. The whole scheduling
scheme are formed from the scheduling scheme of each single
depot.

The two phases iterate until the termination condition of the
algorithm is satisfied. There are two loops in the algorithm: the
inner cycle uses IVND algorithm to generate new allocation



Algorithm 1: SATO-IVND
Input: task information; distance between each pair of
locations; iteration gap L
Output: route planning of all depots S
1 Initialize a task allocation scheme
G <+ G1,Ga, -, G,y for all depots by k-means
algorithm;
2 Generate a route planning scheme Sy based on G by
ERPA;
3 Calculate initial the objective function value f(.Sp);
4 Let S < So, f(S) « f(So);
5 while stopping criteria 1 is not satisfied do

6 while stopping criteria 2 is not satisfied do

7 Generate a new allocation scheme G’ from S
by IVND;

8 Generate a new route planning scheme Sy
based on G;

9 Calculate the objective function value f(Sp);

10 if the conditions of Metropolis for accepting
the new scheme are met then

1 | S« S0, f(S) « f(So);

12 Generate a new scheduling scheme Sy from S by

LS;

13 Calculate the objective function value f(Sp);

14 if f(So) is superior to f(S) then

5|8 S0 f(S) e F(S):

scheme satisfying various constraints. The inner cycle is
executed until the maximum number of iterations is satisfied.
The external cycle is to find the promising scheduling scheme
based on the result generated by the inner cycle. The external
cycle is performed until the current temperature reaches the
lowest temperature of the SA algorithm.

B. Task Allocation

1) Initial task allocation: k-means algorithm is one of
the commonly used algorithms in the field of unsupervised
learning. Especially, k-mean algorithm aims to divide the data
points into multiple clusters, so that the sum of squares of the
distance between the sample points in each cluster and the
cluster center is the smallest. To solve the original problem,
considering geographical position of each task, the k-means
algorithm is used to assign tasks to different depots according
the distance between depots and tasks. Then each single depot
obtains a task allocation scheme containing many tasks. In this
way, the original m-depot scheduling problem is partitioned
into multiple single depot scheduling problem. Specifically,
the result of initial task allocation is disordered and cannot be
directly handed over to the drones for execution.

2) Neighborhood transformation operators in IVND: Based
on the allocation scheme, we propose a IVND algorithm to
find the satisfactory solution. Six neighborhood transformation
operators are designed in IVND to reallocate the task. The
operators include 2-exchange, 3-exchange, 30%-exchange, re-

location, other-relocation, 10%-relocation. The description of
six operators is given as follows:

a. 2-exchange: exchange two tasks assigned the same depot.
More specifically, the operation of 2-exchange is as follows:
firstly, we choose depot £ from all depots randomly. Then,
two tasks ¢ and j allocated to depot k are selected randomly
(i,7 € PICKU P). Exchange the positions of two tasks ¢ and
7. The operator is graphically shown in Fig.

2-exchange '
6

® 00
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Fig. 3. 2-exchange.
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b. 3-exchange: exchange three tasks assigned the same
depot. The operator is similar to 2-exchange.

c. 30%-exchange: 2-exchange and 3-exchange are not suit-
able in dealing with problem of large-scale. We design 30%-
exchange operator to deal with scheduling with large-scale
tasks. The operator is similar to 2-exchange: select 30%
of tasks assigned to a depot randomly, then exchange their
position randomly.

d. Relocation: select a task 7 from all the tasks assigned
to depot k1 randomly, and swap it to depot k2 for serving
(i € PICKUP). The operation of relocation is as follows:
select a task ¢ from depot k1. Then, an insertion point is
randomly selected in the existing allocation scheme of depot
k2. Insert task ¢ into the position of the insertion point
according to various constraints. The operator is graphically
shown in Fig. @

relocation
the scheduling

schemeofdepotklﬁ‘*?‘ . . . . ‘

the scheduling

scheme of depot k2 T‘}Y . . . ‘

Insert

()

depotkl‘r‘!"ﬁ’e e e
depothT‘!*ﬁ'e e ‘ e

Case 1
depot k1 Y‘,‘Te 0 e
depot k2 Yh" e e

Case 2
(b)

Fig. 4. Relocation. (a) Before Relocation. (b) After Relocation.

3) Improved variable neighborhood search algorithm
(IVND) for task reallocation: Variable neighborhood search
algorithm is an improved metaheuristic optimization algo-
rithm, which can be used to solve combinatorial optimization
problems. Here we design an improved variable neighborhood



search algorithm (IVND) to refine allocation scheme: When
the iteration times L is not reached, we input an initial
allocation scheme G into the algorithm. Then one of the above
six neighborhood transformation operators is chosen randomly
to refine the allocation scheme G. A new solution G’ can
be obtained for each cycle. Then, route planning scheme is
generated based on the result of task reallocation scheme
So. Also, we calculate the objective function value f(Sp).
According to Metropolis principle, we update the value of
the current local optimal solution S. Repeat the above steps
until the maximum number of iterations L is reached. The
pseudocode of the IVND is given as Algorithm 2.

Algorithm 2: /[VND

Input: allocation scheme (; current objective
function value f(5);
Output: G'; S;

11=1;
2 while : < L do
3 Generate new allocation scheme G’ from G via

one of the neighborhood transformation operators;
Generate new route planning Sp;
Calculate the cost of S — f(S);
df = f(S0) = f(5):
Generate a random number ¢ < rand(0, 1)
if df < 0 then
| S S50,G G, f(s) < f(So);

10 else if exp(—df /t) > ¢ then
1 | S5 S0,G G, f(s) < f(So);

12 1 =1+ 1;
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C. Route Planning

1) Initial route planning: The initial task allocation scheme
of each depot is disordered so that it cannot be directly
executed by drones. Therefore, we design an elitist-based
route planning algorithm (ERPA) to generate an initial route
planning scheme based on the result of initial task allocation
scheme. Previously, we have differentiated tasks into three
types and divided them into three sets, including DROP,
PICKUP, PICK — DROP.

Since a drone can deliver one package each time, there are
several rules for generating route planning of drones: firstly,
tasks which belong to the D ROP set and the PICK—-DROP
set will be completed by one drone to load package from depot
and drop them to the right place; Secondly, tasks which belong
to the PIC' KU P set may be assigned to the drone which have
been assigned task (the task must belong to the DROP set)
or a new drone to complete.

According to the above rules, the route planning scheme
of drones has the following rules: Firstly, the drone must start
from a depot and finally return to the depot after completing all
its tasks. Secondly, after the drone drops package to customer,
it can choose to return to depot directly or go to the nearest
customer to pick up package and then return to a depot.
Finally, since drone can only carry one package each time,

it must return to depot after picking up package. Thus, there
are three kinds of possible route for drones (Fig. B):

Route 1: c Bp < Route 3: c d mpE c
(@) ©

Route 2: © d (€ Route 4: (e S ¢
® (Y

Fig. 5. Possible route of drones (c: depot, d: task which need package delivery
only, p: task which need package pickup only, s: task which need package
delivery and pickup).

(1) The drone starts from depot for completing the task of
picking up package, and then returns to depot (see Fig. B(a));

(2) The drone starts from a depot for completing the task of
delivering package, and then returns to depot (see Fig. B(b));

(3) The drone starts from depot for completing the task of
dropping package, and then goes to the nearest customer to
pick up package, finally returns to depot (see Fig. Blc));

(4) If task 7 need deliver and pick up package as well, the
drone starts from depot for dropping package, and the reload
package. After that, the drone returns to depot with package
(see Fig. Bld));

In this paper, each depot and task have a unique index, so
as to distinguish depots and different type of tasks. We index
tasks firstly. Then, we index depots based on the index of
tasks. For example, we assume that the number of tasks is c,
and the number of depots is m, then the index of depots will be
c+1,¢+2, -, c+m. As shown in Fig.[6 the route planning
of each depot can be freely combined by the above route of
drones. Significantly, the route planning scheme of each depot
are combined to form a complete scheduling scheme.

Depot1: [€ [ di [ € s (¢ [do P € | | €
Depot2: [ € [ds (¢ P2 € s € ds fps ¢ |G
Depotm: | €m | d5 | Cm WP € S3 | Cm | ds PPSY Cm | ** | Cm

Fig. 6. A route planning scheme of depots.

An elitist-based route planning algorithm (ERPA) are pro-
posed to obtain an initial route planning scheme for depots:
Firstly, for each depot k, we rearrange sequences of tasks
based on the task allocation scheme G}, and obtain an initial
scheduled task set .. And for each task in the set P, if the
task n € DROP|J PICK—DROP,an unassigned drone will
be arranged to complete the task n. Otherwise, the task will be
randomly assigned to an unassigned drone or a drone which
has been arranged task n — 1 (the task n — 1 must belong to
the PICKUP set). Besides, drones must start from depots
and return to depots after completing tasks. Then we will
obtain multiple drones’ route, as shown in Fig. [5l All drones’
routes of each depot are connected together and form the
route planning of each depot. The route planning scheme can
be regarded as scheduling sub-scheme. We obtain the overall
scheduling scheme for all depots by merging all the sub-
schemes. In order to ensure the quality of the initial solution,
we construct multiple initial solutions by above method, and



Algorithm 3: Elitist-based Route Planning Algorithm
(ERPA)

Input: task allocation schemes of depot k& G; the
number of depots m; the number of tasks c
Output: the initial route planning So;
1 for k=1:m do

2 Rearrange sequences of tasks in G — Pj;
3 for n = 1: the number of tasks in P}, do
4 if r7ask n € DROP|J PICK — DROP then
5 L Arrange a drone to complete task n;
6 else if task n € PICK then
7 if task n — 1 € DROP then
8 Generate a random number
e + rand(0,1);
9 if ¢ < 0.5 then
10 | Arrange a drone to complete task n;
11 else
12 Assign task n to the drone which
have been arranged to complete
task n — 1;
13 Merge the schemes of each depot — Sp;

then select the best solution as Sy. The pseudocode of the
ERPA is shown as Algorithm 3.

2) Adjustment of route planning scheme:

a. Repair solutions

Task reallocation may make the original route planning
scheme infeasible. For example, as shown in Fig. [7l Fig. [/(a)
shows an initial route planning scheme for drones. However,
after task reallocation by 2-exchange operator, the original
route planning scheme is shown in Fig. [/(b) and the scheme
is obviously infeasible for drones to perform, because a drone
cannot complete two tasks which belongs to the DROP set
at once.Therefore, after task reallocation, the route planning
scheme need to be repaired when the sub-route of the scheme
does not conform to the four route types described in Fig.
Also, route planning scheme will be repaired to be a combina-
tion of multiple routes of drones described in Fig. Bl Fig. [Z(c)
shows the repaired route planning scheme.

Original route . . . .

(a) ‘ 2-exchange

Task reallocation . ‘ . . . ‘
b

‘ Repair
New route ’ ‘ . . . ‘ .

©

Fig. 7. The operation of repairing.

b. Local search algorithm (LS)
In order to overcome the shortcoming of the above IVND
algorithm and obtain the promising scheduling scheme, we

design a local search algorithm (LS). LS refines the current
scheduling scheme and obtains a better scheduling scheme.
The operator is graphically shown in Fig. B select two tasks
which are assigned to two drones to serve originally and
reassign them to one drone to serve.

Specifically, the process of LS is as follows: we select a
depot k randomly, the current route planning scheme of depot
k is sok. Firstly, according to the task type of tasks, we add
tasks in sqy into the set s — pick, sor —drop, sor —pd. When
the sets sox — pick and sox — drop are not empty, for tasks in
the sets sor — pick, if drone;; is arranged to complete task ¢
only, then we add the task ¢ into the sets templ. Repeat the
similar operation for the set sg; — drop. Finally, we select task
m and n from the sets templ and temp2 respectively, and the
above two tasks are reassigned to one drone for completing.
The pseudocode of the LS is given as Algorithm 4.

ik T @ ‘ ® ‘ .D
wik O @ @ © e

Fig. 8. The operation of LS.

Algorithm 4: local search algorithm(LS)
Input: route planning Sy of the depot k;
Output: Si;

1 Classify tasks in Spr — sets:
Sok — pick,Sox, — drop,Sox — pd;
2 Initialize the unscheduled sets
templ < O, temp?2 +— I,
3 if Sor — pick and Spi, — drop # 0 then
Calculate the number of tasks in Sy — pick — y1;
for i =1:yl do
L if drone;;, complete task i only then

4
5
6
7 L Add i to templ;

8 Calculate the number of tasks in So, — DROP
— Y2

9 for i =1:9y2 do

10 if drone;i, complete task j only then
1 | Add j to temp2;

12 Select m € templ,n € temp2 randomly;
13 Reassign task m,n to one drone to complete
— Sk;

V. COMPUTATIONAL EXPERIMENTS

In this section, we evaluate the effectiveness of SATO-IVND
algorithm by comparing with six other heuristic algorithms
and metaheuristic algorithms. In addition, we test the SATO-
IVND algorithm in real scenes to prove its effectiveness.
The proposed algorithm and other comparative algorithms are
coded in python, and run on a PC computer with Core i5-
8400 2.80GHz CPU, 8G memory, and Windows 10 operating
system.



A. Experimental Setting

TABLE I
THE PARAMETER OF SATO-IVND

parameters value
Initial temperature T 1000
Terminating temperature 7,,,q le-07
Cooling rate g 0.93

Maximum number of iterations L 20

Flying range (km) 30

Owing that a few studyies concern drop-pickup task
scheduling, to the best of our knowledge, is currently no public
benchmark for this problem . Therefore, we randomly generate
thirteen instances whose number of tasks are 40, 60, 80,
100, 150, 200 respectively. Besides, numerous experiments are
conducted in the simulation scenario and the realistic scenario
to explore the performance of the proposed SATO-IVND.

The simulation scenario is applied in a 50 km x 50 km
area. Tasks are randomly distributed in the region. Suppose
that all drones are homogenous. The weight of each package
is a random number between 1kg and 8kg. Relevant parameter
settings are shown in Table [l The parameters of the SATO-
IVND are determined according to the relevant literature
or via the trial-and-error way [43].

B. Comparison with Other Algorithm

In order to verify the performance of the SATO-IVND
algorithm, we compare SATO-IVND algorithm with other six
heuristics and metaheuristics. We randomly generate thirteen
instances where the number of tasks are 40, 60, 80, 100,
150, 200 respectively. Each algorithm runs 10 times to solve
each instance. There are two reasons for the setting of this
experiment: Firstly, it is proposed to verify the performance
of the two-phase optimization approach in solving integrated
scheduling problem of package drop-pickup considering m-
drone, m-depot, m-customer; secondly, it is aimed to examine
the effectiveness of the initial solution generation mechanism
and neighborhood structures of SATO-IVND.

In order to verify the performance of the two-phase opti-
mization approach in solving the original problems, ERPA and
three efficient algorithms, namely ALNS [44], [43]), improved
genetic algorithm (IGA) [46]], [47)and LNS [48]], are designed
for integrated scheduling problem and chosen as comparison
algorithms. k-means [46] is adopted in IGA and LNS to
generate the initial task allocation scheme, while ALNS ran-
domly generate the initial task allocation scheme. Meanwhile,
in order to ensure that the good individuals of the parents
are not lost during the evolutionary process, the elite strategy
is adopted in IGA to retain the optimal individuals of the
parents. Both ALNS and LNS algorithms apply damage and
repair operators to iteratively optimize until the termination
conditions are met. For LNS, the neighborhood operators such
as 2-opt, simple relocate, and swap [48] are used for route
planning, while ALNS integrates adaptive mechanism and
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worst-remove operator on the basis of multiple neighborhood
operators [48].

For testing the effectiveness of initial solution generation
mechanism and neighborhood structure of SATO-IVND, we
compare SATO-IVND with two other algorithms including
SA-IVND and SATO-IVND without LS algorithm (SATO-
VNDI1). SA-IVND indicates that the initial task allocation
scheme is generated randomly. Besides, the proposed IVND
and LS algorithms are used to find the refine solution.

SATO-IVND and the above six algorithms run 10 times to
solve the thirteen instances. The number of tasks in different
instances is donated by Num-C. The number of depots in
different instances is donated by Num-D. The results are
compared in terms of cost. The maximum value, the minimum
value and the average value of 10 experimental results are
presented. All the results are shown in Table [

It can observe in Table [l that the proposed SATO-IVND is
superior to other six algorithms in terms of the solution quality.
To clearly compare the performance of SATO-IVND and other
six algorithms on the different instances, the values of the
objective function are presented in Fig. [0l As shown in Fig.[0
with the increasing number of tasks, the results of SATO-
IVND are always better than other six algorithms. Especially,
the cost of instances C6 and C13 increases suddenly, which
is due to the significant increase of the number of tasks.

= SATO-IVNC
~—— SATO-VND
SA-IVND
ERPA

LNS

IGA

ALNS

Fig. 9. Results of experimental instances generated by different algorithms.

Cl1
Index of instance

In order to further compare the result obtained by the other
six algorithms and SATO-IVND for the same instance, we
use Gap to describe the differences between SATO-IVND and
other algorithms, which can be calculated by the following
formula:

Si—SsaTo;vND

Gap = S, (18)

where S; means the satisfactory cost found by algorithm ¢, and
1 represents the one of ALNS, IGA, LNS, SA-IVND, ERPA
and SATO-VNDI. Ssaro—rvnp denotes the satisfactory
solution found by SATO-IVND. The gap of the objective
value generated by six algorithms compared to SATO-IVND
is illustrated in Table [[V]

From Table [Vl it shows that SATO-IVND outperforms
other six heuristics and metaheuristics in solving thirteen
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TABLE III
THE RESULTS OF EACH INSTANCE GENERATED BY SATO-IVND AND OTHER SIX LGORITHMS

Instance  Num-C  Num-D SATO-IVND ERPA SATO-VNDI1 SA-IVND LNS IGA ALNS
Cost  Time Cost  Time  Cost Time Cost Time Cost Time Cost Time Cost  Time
Cl 40 5 50 6.9 57 0.05 539 6.51 58.7 6.75 54.6 36.15 54.6 36.15 51.2 18
C2 60 5 80.1 10.33  101.3  0.08 93.7 10.02 103 1044 958 53.92 89.6 53.92 859  27.18
C3 80 5 108.1  13.19 1345 0.1 1233 1255 136.6 13.18 123 70.07 116.9  70.07 1214 33.71
Cc4 100 5 1324 1748 1646 0.14 1872 17.02 171.8 17.66 16577  91.66 1532 91.66 191.6 4493
C5 150 5 209.7 2668 2684 021 2481 2505 2835 2626 2613 137.76 2527 137776 2502  69.04
C6 200 5 2845 36.89 3635 029 339.6 3571 3713 36.63 3579 18547 350.1 18547 3343 95.86
Cc7 40 2 72.5 6.6 90.5 0.05 84.8 6.27 72.6 6.62 84.1 36.06 83.9 36.06 82.1 17.39
C8 40 4 64.1 6.62 72.6 0.05 67.9 6.5 74 6.7 70.6 35.41 67.3 35.41 66.6 18.14
c9 60 3 102.7 1049 1372 0.08 121.7 1005 113.2 10.11 1229 5345 1263 5345 112.6  26.83
C10 80 4 1269 1327 1555 0.1 1427 1258 142 1332 150.6  71.11 1425 71.11 142.1 3473
Cl1 100 10 90.2 1751 108.6 0.14 97.5 16.88 1682 17.56  106.7 90.5 95.8 90.5 101.2 45.82
C12 150 7 1645 2647 2094 021 196.7 2593 270.6 2657 1993 137.35 191.8 137.35 189.6  68.72
C13 200 10 1939 369 2473 0.3 2285 3572  409.2 36.88 2433  183.38 231 18338 2256  96.02

instances, with the average gap value are from 11.95% to
23.24%. It is also worth noting that the Gap values are
increasing with the increasing number of tasks. The results
obtained by SATO-IVND are very close to the results obtained
by other six algorithms when the size of tasks is small, but
the effectiveness of other six algorithms decrease quickly when
dealing with large-scale tasks. Among them, the Gap between
the results obtained by ALNS and the results obtained by
SATO-IVND is even more than 30%. Overall, SATO-IVND
shows visible performance in solving large-scale instances.

Compared with LNS, as shown in Table [Vl SATO-IVND
reduces the values of the objective function by 15.82% on
average. The 8.42% minimum Gap and the 20.52% maximum
Gap indicate that SATO-IVND improves the solution quality
enormously than LNS. Moreover, the minimum gap value of
IGA is 4.80% and the maximum gap value is 18.74%. The
minimum gap value of ALNS is 2.33% and the maximum gap
value is 30.90%. The same conclusion can be obtained from
the results of Gap value of IGA and ALNS that the proposed
SATO-IVND is superior to IGA and ALNS.

Relative to ERPA, SATO-IVND reduces the values of
the objective function by 19.32% on average. The 11.72%
minimum Gap and the 25.17% maximum Gap indicate that
the interactive iteration in SATO-IVND can effectively refine
the initial scheme and find the high-quality scheduling scheme.

Compared with SATO-VNDI1, SATO-IVND reduces the
values of the objective function by 13.93% on average. The
reason for the Gap between SATO-IVND and SATO-VNDI1
is that SATO-VND1 does not adopt the proposed LS algo-
rithm incorporated in SATO-VND, resulting in SATO-VNDI1
premature convergence on local optimum.

The average Gap of SA-IVND is 23.24%, and the 0.16%
minimum Gap and the 52.62% maximum Gap indicate that
SATO-IVND is obviously superior to SA-IVND in terms

of cost. The different initial allocation scheme generation
mechanism leads to the Gap between SATO-IVND and SA-
IVND. That is, the quality of the initial allocation scheme will
affect the solution quality of algorithms.
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Fig. 10. Results of experimental instances C8 generated by different algo-
rithms.

The robustness of the proposed SATO-IVND and SA-IVND
is quantified by the coefficient of variation of cost, which
is the ratio of standard deviation to mean of cost for each
instance. The results are covered in Table [Vl The coefficient
of variation of cost is donated by C.V in Table [Vl As shown
in Table [[V] the robustness of SATO-IVND is significantly
better than that of SA-IVND. Besides, we present the calcu-
lation results of instance C8 at Fig. It can be seen from
Fig. that SATO-IVND is obviously superior to the other
six algorithms in terms of robustness and optimization effect.

In terms of time consumption, as shown in Table [[V] and
Fig. [Tl ERPA is better than the other six algorithms, followed
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TABLE IV
GAP AND C.V. OF ALGORITHMS

Instance  Num-C ~ Num-D Gap (%) CV®)
ERPA  SATO-VNDI SA-IVND  LNS IGA ALNS SA-IVND  SATO-IVND
Cl 40 5 12.27% 7.33% 14.90% 8.42%  845%  2.33% 13.8 0.7
c2 60 5 20.93% 14.52% 2225%  1638% 10.60%  6.75% 17.4 1
C3 80 5 19.66% 12.31% 20.87%  12.11%  752%  11.00% 16.9 1
c4 100 5 19.56% 29.28% 2294%  20.06% 13.55%  30.90% 8.5 1
(¢5] 150 5 21.86% 15.47% 26.02%  19.75% 17.02% 16.17% 4 1.4
c6 200 5 21.73% 16.24% 2338%  20.52% 18.74%  14.89% 10.9 1.3
c7 40 2 19.87% 14.45% 0.16% 13.75%  13.56%  11.69% 0.6 0.5
c8 40 4 11.72% 5.66% 13.46%  921%  4.80%  3.89% 5.5 0.9
(e 60 3 25.17% 15.66% 9.32% 1647% 18.710%  8.81% 7.1 3
C10 80 4 18.38% 11.09% 10.64%  1576%  10.95%  10.73% 6 1.2
Cl1 100 10 16.96% 7.55% 46.40% 15.47% 5.83% 10.91% 35 0.5
Cl12 150 7 21.45% 16.35% 3920%  17.45% 1421% 13.22% 15.4 1.5
C13 200 10 21.61% 15.16% 52.62% 2033%  16.06%  14.05% 21.0 0.9
Min 11.72% 5.66% 0.16% 8.42%  4.80%  2.33% 0.6 0.5
Max 25.17% 29.28% 52.62%  20.52% 18.74%  30.90% 35 3
Average 19.32% 13.93% 2324%  1582% 1231% 11.95% 12.5 1.1
better than LNS in cost optimization because it adopts a
i variety of neighborhood operators proposed in this paper.
st EQ;‘:'VND / Meanwhile, the running time of SATO-IVND is significantly
—A— SATO-VND1 / shorter than that of LNS, indicating that SATO-IVND can find
1507 T Se VD / a satisfactory solution in a shorter time than LNS. The running
125 ] —— 1GA / time of algorithms for each instance are shown in Table [V]

ALNS

e l——

c2 Cc3 C4 C5 Ceé

Index of instance

Fig. 11. The running time of algorithms for instance C1-C6.

by SA-IVND, SATO-IVND, SATO-VNDI. In contrast, with
the increasing number of tasks, the running time of IGA, LNS,
ALNS increase rapidly. Among them, IGA is the most time-
consuming, followed by LNS and ALNS. Specially, with the
increasing number of tasks, IGA significantly spends more
time than other algorithms to find the promising solution. The
difference between LNS and ALNS is that LNS generates
the initial allocation scheme based on the k-means algorithm,
while ALNS generates the initial allocation scheme randomly.
From the comparison of the above two algorithms, the k-
means algorithm can greatly improve the quality of solution
in less time consumption.

However, LNS still has the shortcoming of premature con-
vergence compared with SATO-IVND. SATO-IVND is much

and Fig. [[1l

ERPA is obviously better than SATO-IVND in time con-
sumption, but the solutions of SATO-IVND are obviously
better than ERPA. It proves that SATO-IVND can improve
the quality of solution to a great extent, and ERPA is easy
to converge to the local optima. By contrast, ERPA may be
applied to situations that are very time-sensitive but do not
require high solution quality. Despite that SATO-IVND and
SATO-VNDI are based on two-phase optimization approach,
SATO-IVND surpasses SATO-VND1 with regard to profit
ratio due to the proposed LS algorithm. Significantly, with
regard to calculation time, calculation time of SATO-IVND
is very close to SATO-VNDI, indicating that the proposed
LS algorithm can improve the quality of solution with very
little time consumption. Additionally, the calculation time of
SA-IVND is close to SATO-IVND, as shown in Table [Vl
However, SATO-IVND is superior to SA-IVND in terms
of cost, which indicates that the initial solution generation
mechanism can effectively improve the quality of solution in
a reasonable time.

In short, the two-phase optimization approach has a good
application prospect in solving integrated scheduling prob-
lem considering m-drone, m-depot, m-customer constrained
by drop-pickup. The two-phase optimization approach for
SATO-IVND can produce high-quality scheduling scheme in a



reasonable time. Considering the balance between computation
and solution quality, SATO-IVND is very suitable for large-
scale task scheduling problems considering m-drone, m-depot,
m-customer. In contrast, ERPA can be applied in time-sensitive
scenarios at the expense of solution quality.

C. Experiment in a Realistic Scenario

In order to further verify the effectiveness of SATO-IVND
in solving integrated scheduling problem considering m-drone,
m-depot, m-customer constrained by drop-pickup, the follow-
ing experiment is conducted under a realistic scenario. In this
paper, the related region is in Yuelu District, Changsha City,
Hunan Province. We select 80 tasks completed by drones, as
illustrated in Fig. In addition, we set 5 depots in this area.
The weight of each package is a random number within 1kg-
8kg.

]

il

Fig. 12.
tasks).

The scheduling scheme generated by SATO-IVND is shown
in Table [V] and the cost convergence curve for SATO-IVND
is shown in Fig. The index of depot is donated by
Depot NO. The running time is 12.91s, and the cost of the
satisfactory solution is reduced by 15.8% compared with the
initial solution.

As can be seen from Fig. [[3] the cost of the scheduling
scheme generated by SATO-IVND decreases rapidly within 50
iterations, indicating that SATO-IVND has strong optimization
ability in a short time. The Metropolis principle and IVND
operators and LS operators avoid premature convergence of
SATO-IVND. The algorithm converges to the promising solu-
tion in 225 iterations.
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TABLE V
SCHEDULING SCHEME GENERATED BY SATO-IVND

Depot .
NO. Scheduling Scheme
01 01—44—48—01—50—01—56—55—01—57—54—01—

49—43—01—47—45—01—46—01

02—36—31—02—24—02—27—02—20—23—02—32—
02 28—02—33—34—02—38—35—02—37—30—02—29—

02—39—02—42—25—02—26—02—41—02
03—52—51—03—59—03—64—65—03—72—63—03—

60—03—62—03—53—03—58—03—61—03
04—12—8—04—22—04—17—15—04—9—11—04—13
04 —04—2—10—-04—16—14—04—7—3—04—18—04—19

—04—4—04—40—5—04—1—-04—6—04—21—04
05—67—71—05—69—70—05—73—05—76—05—78—
75—05—80—05—79—74—05—77—68 —05—66—05

03

05

optimization procedure

27000 -

26000 -

cost

25000

24000 A

23000 A

0 50 100 150 200 250 300
number of iterations
Fig. 13. Convergence curve of SATO-IVND.

VI. CONCLUSIONS AND FUTURE WORK

In this paper, we propose a novel drone package pickup
and delivery mode and system to deal with problems ex-
isting in last-mile delivery. Meanwhile, a two-phase opti-
mization approach (SATO-IVND) is proposed to solve the
integrated scheduling problem considering m-drone, m-depot,
m-customer constrained by drop-pickup, and an effective
scheduling scheme for drones is obtained. Different from
the exact algorithm, SATO-IVND can find a high-quality
scheduling scheme in a reasonable time, which can be used
to solve large-scale problems and applied to real scenes. We
decompose the integrated scheduling problem into two stages:
task allocation and route planning. In the first phase, we
use the k-means algorithm to generate the initial allocation
scheme, and we design the IVND algorithm which includes
six operators to reallocate tasks. In the second phase, the
ERPA algorithm is proposed to generate the initial scheduling
scheme. Meanwhile, we design the LS algorithm to refine the
current scheduling scheme. Finally, the high-quality schedul-
ing scheme is obtained through repeated iteration.

The effectiveness of SATO-IVND is verified by numerous
experiments, from which we can clearly draw the following
conclusions: Firstly, compared with six heuristic algorithms
and metaheuristic algorithms, it can be seen that the SATO-



IVND is superior to the other six heuristic and metaheuristic
algorithms in solving quality and time efficiency. Secondly,
the experiment in the real scene shows that SATO-IVND can
generate high-quality scheduling schemes in a reasonable time.

The drone pick-up and delivery system proposed in this
paper is a novel mode to solve the last-mile distribution
problem. The drone pick-up and delivery mode and system
is worth further researching in the future. For example, con-
sidering the time window, relevant advanced algorithms will
be designed to produce a satisfactory scheduling scheme in
a short time, contributing to the application of drone in the
real-time pick-up and delivery platform [49]. In addition, this
research can also be extended to the setting of charging station
, the heterogeneous problem of drone [50], etc.
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