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Abstract

The development of Unmanned Aerial Vehicle (UAV) has brought new vi-
tality to logistics industry, especially for real-time delivery demand. Under
real-time delivery model, the UAV transports parcel between docks (e.g., the
designated location for UAV to drop off/pick up parcels), with vision that
the fast response to demand is satisfied. Unlike traditional ground delivery
services, the UAV model not only considers delivery cost, but also takes into
account dock spatial conflicts during UAV takeoff and landing. Since the
UAV delivery scheduling is an non-deterministic polynomial hard problem,
the optimal solution is hard to obtain through off-the-shelf solvers within
a limited response time under large-scale demand. Hence, we propose a
real-time UAV delivery system, which provides the in-time UAV scheduling
scheme under large-scale demand. In particular, the Ant Colony Algorithm
and Q-value learning are utilized to select the optimal dock for UAV, so that
the UAV flight time is reduced under spatial conflict avoidance. Besides,
through solving the bi-level linear programming model, the optimal num-
ber of deployed docks and UAVs is determined, to reduce the delivery cost.
Based on simulation experiments, our scheme outperforms other schemes on
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reducing UAV flight time and is robust to different geographical distribution
of docks. The impact of spatial conflicts on UAV delivery is also reduced
under our scheme.

Keywords:
UAV, Real-time delivery, delivery scheduling.

1. Introduction

As traffic congestion intensifies in urban areas, the transportation cost
and delivery delay in traditional logistics industry has increased. Such dilemma
is mainly caused by the utilization of vehicles to deliver parcels, as the de-
livery efficiency depends on ground transportation conditions and road in-
frastructure (Bhuiyan, Walker, & Ahmed, 2024). To reduce the impact of
traffic congestion, the Unmanned Aerial Vehicle (UAV) is further applied to
logistics industry (Kim, Kweon, Hwang, & Lee, 2024; Shao et al., 2023).
Due to the high speed and avoidance of traffic disturbance (Wang, Leng, &
Xiong, 2023), the UAV can satisfy the delivery demand with time require-
ments, including takeout delivery, medical resource allocation and emergency
document transportation (Wang et al., 2023).

Although UAV can complete delivery tasks at high speed, the flight en-
durance of UAV is limited by battery capacity. Due to the limited flight
endurance, the UAV may not be able to deliver all customers with different
distance distributions at once (Mishra, & Tiwari, 2024). Instead, an im-
proved solution is to deploy docks within the flight endurance of UAV, and
merchants/customers can walk to docks to drop off/pick up parcels. Here,
the dock is a place for UAV to drop off/pick up parcels. The parcels are trans-
ported by UAV between docks, e.g., the UAV picks up parcels at one dock
and then fly to another dock to drop off. The work (Lemardelé, Estrada,
Pagès, & Bachofner, 2021) demonstrates the effectiveness of dock-delivery
models, while there is few works discussing the impact of dock and UAV
deployment on delivery cost. Here, the delivery cost includes (1) system
cost: deployment cost of docks and UAVs; (2) service cost: waiting time for
UAV to start delivery task1, flight time of UAV between docks to transport

1The waiting time is caused when the subsequent task is received during UAV delivering
the current task, as UAV must complete the current task before starting to deliver the
subsequent one.
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parcels, and customer/merchant walking time to docks.
In addition to dock/UAV deployment, the UAV task scheduling is also a

crucial issue in reducing delivery cost. In general, the UAV task scheduling
can be divided into two stages: the first stage is the matching of delivery
task with docks, and the second stage is the matching of UAVs with tasks.
Moreover, due to the complexity of UAV flight operations, spatial conflicts on
docks during UAV takeoff/landing must be considered when optimizing the
matching decisions under two stages (e.g., two UAVs cannot take off from the
same dock simultaneously). Although work (Pei, Fang, Weng, & Yi, 2023).
discusses the matching between UAVs and tasks of the second stage to avoid
spatial conflicts, the dock selection of the first stage is not considered, thus
increasing the flight time of UAVs between docks.

Based on above analyses, our main contributions are as follows:
(1) Although deploying docks has been proven efficiency in reducing deliv-

ery cost, there are few discussions on determination of dock/UAV deployment
based on demand characteristics in delivery area. Here, a smaller number of
docks and UAVs cannot meet the delivery demand, while an excessive num-
ber will increase the deployment cost of delivery system. Hence, a bi-level
linear programming model is solved to obtain the optimal number of docks
and UAVs deployed in delivery area, so that the system cost and service cost
are both reduced.

(2) The work (Pei et al., 2023) discusses the UAV task scheduling of
the second stage to avoid spatial conflicts, while the optimal dock selection
under the first stage is not considered. This further increases the flight time
of UAVs, as UAVs always fly between docks to deliver parcels. Therefore, we
propose a delivery scheme considering both dock selection and spatial conflict
avoidance. The optimal dock is selected through Ant Colony Algorithm and
Q-value learning, to reduce the flight time and avoid spatial conflicts. In
particular, the Ant Colony Algorithm is utilized to select the optimal dock in
real-time, to reduce the average flight time based on UAV pheromones and
heuristic information. Besides, the Q-value learning evaluates the impact
of different avoidance strategies on current and future service cost, thereby
reducing average service cost while avoiding dock spatial conflicts.

The rest of our paper is organized as follows: Section 2 reviews the work
related to UAV delivery. Our system model is presented in Section 3. In
Section 4, we propose the scheme to determine the optimal number of docks
and UAVs deployed in delivery area. Section 5 details the strategy to sched-
ule the UAV, select the optimal dock and avoid dock spatial conflicts. At
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last, simulation results are shown in Section 6, and Section 7 draws the con-
clusions.

2. Related Works

2.1. Offline Demand UAV Delivery

Under offline demand model, all demand information is acquired before
scheduling the UAV, and the UAV directly delivers parcels from warehouse
to customers’ location. Such model can be seen as the typical Parallel Drone
Scheduling Traveling Salesman Problem Without Vehicle (PDSTSP-WV)
discussed in work (Murray, & Chu, 2015). In general, the PDSTSP-WV
problem is modelled through linear programming, and heuristic algorithms
are common methods to solve the linear model. The work (Shi, Lin, Li, &
Li, 2022) proposes a bi-objective optimization model for medical supplies de-
livery with the UAV, and solves the model through Non-dominated Sorting
Genetic Algorithm II (NSGA-II) to reduce the delivery time. The genetic
algorithm and simulated annealing can also be utilized to jointly optimize
the solution, to promise convergence ability on solving large-scale instances
demonstrated in work (Sajid, Mittal, Pare, & Prasad, 2022). The work
(Raissa, Laurent, Dominique, Nathalie, & Alain, 2018) reduces the solution
search time through dominance rule and upper bound analysis in a iterative
two-step heuristic algorithm, thus converging quickly towards great solutions.

The works (Liu, Li, & Wu, 2023; Li, Hansen, & Zou, 2022) both discuss
algorithms to solve UAV group formation and trajectory planning for deliv-
ery tasks. However, the delivery cost is not taken into account in above two
works. Differently, the work (Liu, Li, & Wu, 2023) applies the pigeon algo-
rithm to divide UAV groups, while work (Li, Hansen, & Zou, 2022) schedules
UAV paths through batch optimization models. Another method is to model
the urban environment as a 3D layered visibility graph network, and an im-
proved ripple-spreading algorithm is developed to solve the multi-category
multi-objective path optimization problem of UAVs (Hu et al., 2025). In
particular, the work (Hu, Chen, Lyons, Solak, & Zink, 2024) discusses the
impact of environmental factors such as weather on the UAV delivery cost,
and the conclusion shows that the environment has a lower impact on large
UAVs. To reduce the solving time of UAV task assignment, a computation-
ally inexpensive two-phase approach is developed in work (Song, Park, &
Park, 2022).
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These heuristic algorithms rely on domain knowledge to propose rules for
solution initialization and search, which need to be adjusted according to
different scenarios. Instead, the out-performance of Reinforcement Learning
(RL) in decision making has attracted research in UAV delivery scheduling,
as RL learns the search strategy automatically without handcrafted designed
heuristic (Wu, Fan, Shi, & Feng, 2023). The work (Li, Yan, Yu, Li, & Liu,
2024) proposes a neighborhood search based on reinforcement learning to
improve the quality of the particles in the searching process. The physics-
informed neural network framework is also utilized to solve the continuous
traffic equilibrium model, and UAV flight routes are scheduled to avoid aerial
conflicts (She, & Ouyang, 2024). Besides, the attention encoder-LSTM de-
coder hybrid model is proposed to determine the UAV routing (Bogyrbayeva
et al., 2023).

The Deep Q-network (DQN) models are also used in multi-UAV path
planning under natural disaster scenarios (Kutpanova, Kadhim, Zheng, &
Zhakiyev, 2025), while the high training time cannot meet the time require-
ments for emergency demand. Although DQN can also be used to plan UAV
flight operations to reduce energy consumption in work (Wang, Zhang, Du,
Hua, & Zhong, 2024), the delivery task scheduling is not considered. Be-
sides, the work (Liu et al., 2025) designs a neural network structure based
on the attention mechanism from the UAV perspective, which process the
features of both UAVs and requests as input for training. However, the net-
work training requires a large amount of data, and the feature extraction
may be inefficient. In addition to UAV path planning, the work (Khamidehi,
Raeis, &Sousa, 2021) considers the matching of delivery tasks, UAVs and
delivery centers based on double deep -Network. Although RL method can
obtain satisfying results, the optimality conditions of these methods are often
difficult to identify or explained (Mishra, & Tiwari, 2024).

2.2. Real-time Demand UAV Delivery

Under real-time demand model, each demand must be delivered as soon
as possible through UAV delivering parcels between docks. Unlike the of-
fline demand, the real-time demand arrives during UAV flight. Hence, the
delivery system must decide whether to directly process each demand based
on first-come-first-served, or wait for a time period to centrally process the
collected demand amount. In the existing literature discussing real-time de-
mand delivery (Pei et al., 2023;Sun, Fang, Guo, & Hu, 2024), the demand
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within each decision-making period are centrally processed, so that heuris-
tic algorithms for offline demand can be applied (Tao, Dai, Jiang, & Chen,
2020). However, this may not meet the delivery time requirements of real-
time demand, because the demand is always processed at the end of each
decision-making period.

Except for demand processing, the flight time is also not taken into ac-
count when selecting the optimal dock in works (Pei et al., 2023;Sun, Fang,
Guo, & Hu, 2024), thus increasing the service cost. Moreover, the dock selec-
tion should consider spatial conflict avoidance, to adapt to practical scenar-
ios. Although work (Pei et al., 2023) develops a linear model to schedule the
takeoff/landing time of UAVs to avoid spatial conflicts, it does not consider
the impact of conflict avoidance on dock selection. In fact, how to select the
optimal dock under conflict avoidance is the crucial issue in reducing service
cost.

Moreover, the optimal number of delivery UAV is also discussed in work
(Pei, Dai, Yuan, Du, & Liu, 2021), where the optimal UAV number is deter-
mined through queuing theory with dynamic pricing. However, such method
relies on adjusting the delivery price, while the customer acceptance of de-
livery price is not fully considered. In fact, there are significant differences
in price acceptance among different groups of people demonstrated in work
(Gao, Yang, & Qu, 2021).

2.3. Our Motivation

To reduce the delivery cost, we program a bi-level linear programming
model to minimize both the system cost and service cost. Through solving
the bi-level model, the optimal number of docks/UAVs deployed in delivery
area is obtained. Besides, the optimal dock and spatial conflict avoidance
strategy are selected based on Ant Colony Algorithm and Q-value learning,
to reduce the service cost and avoid spatial conflicts.

3. System Model and Problem Definition

3.1. Overview

Fig. 1 shows the workflow of our system. Assuming that the entire city
map is divided into different delivery areas, with one Delivery Center (DC)
deployed in each delivery area. The demand in each delivery area follows a
Poisson distribution. The DC determines the number of docks and UAVs
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deployed in its delivery area through bi-level model (Decision 1-1 and 1-
2). The customer will send delivery request to the nearest DC, including
the demand merchant location and customer location. Upon receiving the
request, the DC will allocate a UAV for the request immediately (Decision
2-1). After determining the UAV for delivery, the DC selects the optimal
dock (Decision 2-2) and spatial conflict avoidance strategy (Decision 2-3)
to minimize service cost. The DC then notifies the UAV of determined
flight dock location and speed adjustment amount. The relevant entities are
discussed below:

Figure 1: A typical workflow of UAV delivery System

• Delivery Center (DC): The DC determines the number of deployed
docks and UAVs (in Section 4), and then processes delivery requests
from customers. For each request, the DC will select the optimal UAV
(in Section 5.1), flight dock (in Section 5.2) and spatial conflict avoid-
ance strategy (in Section 5.3), to finish this request with the minimum
service cost.

• Unmanned Aerial Vehicle (UAV): The UAV is responsible for de-
livering parcels between docks, where requests allocated from DC are
delivered by UAV on a first-come-first-served basis.

• Dock: The merchant put parcels at one dock for UAV to pick up, and
then the UAV flies to another dock to drop off parcels for customer. It
is worth noting that it is not allowed to pick up and drop off the same
parcel at the same dock. Even so, it is feasible to pick up one parcel
after drop off another parcel at the same dock.
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Figure 2: Time sequences of UAV delivery

3.2. Protocol for UAV delivery Process

Considering a customer with delivery demand, the protocol for UAV de-
livery is described below, with the time sequences shown in Fig. 2.

Step 1: Before processing the request, the DC will determine the number
of deployed docks and UAVs discussed in Section 4, so that the system cost
and service cost are both minimized.

When the request is received, the flight distance and available time of
candidate UAVs is estimated by DC, to choose the optimal UAV based on
Alg. 2 in Section 5. Then, the optimal dock is selected based on Ant Colony
Algorithm (according to Alg. 3 in Section 5). Besides, the DC determines the
optimal spatial conflict avoidance strategy through Q-value learning based
on Alg. 4 in Section 5 (the time sequence is 1).

Step 2: The DC informs the selected UAV with the optimal dock and
spatial conflict avoidance strategy. Based on the optimal strategy, the UAV
will decide whether to reduce the flight speed to the optimal dock (the time
sequence is 2).

3.3. Assumption

The assumptions in this paper are explained as follows:

3.3.1. Spatial Conflict Assumptions

We consider three types of dock spatial conflicts shown in Fig. 3, where
δ is the minimum time difference for UAV to arrive/depart from the same
dock without spatial conflicts.
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• Scenario (a): The arrival time difference of two UAVs is within the
minimum time difference δ.

• Scenario (b): The departure time difference of two UAVs is within δ.

• Scenario (c): The difference between departure time and arrival time
of two UAVs is within δ.

Figure 3: Three scenarios of spatial conflict

To avoid spatial conflict, we propose two strategies:

• Strategy A (Speed Adjustment): The UAV adjusts its flight speed,
so that the arrival/departure time difference with other UAV is greater
than the minimum time difference δ. For example, in Scenario (a) of
Fig. 3, UAV1 delays the arrival time Tarr−1 to Tarr−2 + δ by adjusting
speed (the conflict Dock1 is still selected).

It is worth noting that the route and speed of UAV are usually deter-
mined before takeoff, so it is difficult to change the speed during the
flight. Therefore, for Strategy A, the UAV must determine the speed
change amount before departure.

• Strategy B (Conflict Dock Exclusion): When selecting the op-
timal dock, docks with spatial conflicts will be excluded. The UAV
will only fly to docks without spatial conflicts and do not adjust flight
speed. For example in Fig. 3, UAV1 will not select the conflict Dock1.
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3.3.2. UAV Assumptions

• Payload Capacity: The parcel weight of each delivery request is
within the UAV payload capacity.

• Flight Endurance: We assume that the flight distance between DC
and dock, as well as flight distance between docks, is within the UAV
flight endurance. Besides, the UAV can replenish energy at docks.

• Operation Time: The UAV operations, including launching/retrieving,
energy replenishment, and parcel pick-up/drop-off, are assumed to not
require time.

3.3.3. Cost Assumptions

The delivery cost includes:

• System Cost: We assume that deploying a dock or UAV has a fixed
cost, and the system cost is the summation of deployment cost for all
docks as well as UAVs in delivery area.

• Service Cost: The cost of UAV completing a delivery request, includ-
ing the waiting time for UAV to start delivering, the UAV flight time
between docks to deliver parcels and merchant/customer walking time
to docks. Since the service cost is defined as the summation of times,
the service cost is equal to service time, and we use cost terminology
uniformly.

3.4. Problem Definition

Our goals are: 1) Minimizing the delivery cost, and 2) Reducing the
service cost of each delivery request. The relevant variables are shown in
Table 1.

3.4.1. Minimizing the delivery cost

Since the delivery cost includes two costs: the system cost and service
cost, we propose a bi-level linear programming model:

Min f1(M,S) = c1 ×M + c2 × S (1)

Min f2 = EWait+ EFly + EWalk (2)
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Table 1: Table of Notations in Section 3

Symbol Description

c1/c2 the deployment cost of dock/UAV

M/S the deployment number of dock/UAV

M ∗/S∗ the optimal deployment number of dock/UAV

ΩUAV the set of UAVs and indexed as i

EWait expected waiting time for UAV to start delivering

EFly expected UAV flight time between docks to deliver parcels

EWalk expected merchant/customer walking time to docks

U ∗ the optimal UAV for the delivery request

Wi expected waiting time for UAV i to start the deliverying

Ti expected flight time between locations of UAV i and merchant

Ωdock the set of docks and indexed as j

D∗1/D
∗
2 the optimal dock for pick up/drop off parcel

Fj,j′ expected flight time among UAV location,dock j and dock j
′

Kj expected merchant walking time to dock j

Kj′ expected customer walking time to dock j
′

Stra∗ the optimal spatial conflict avoidance strategy

δ the minimum time difference to avoid spatial conflicts

where the notations are shown in Table 1. The upper-level problem of Eq.
(1) aims to find the optimal number of docks and UAVs, denoted as M∗/S∗,
to minimize the system cost.

In Eq. (2), EWait is the expected waiting time for UAV to start deliver-
ing, EFly is the expected UAV flight time between docks to deliver parcels,
and EWalk is the expected merchant/customer walking time to docks. The
lower-level problem in Eq. (2) aims to minimize the expected service cost
under the optimal dock and UAV number M∗/S∗.

3.4.2. Reducing the service cost of each delivery request

For a delivery request, the DC firstly selects the optimal UAV U∗ to
allocate the request according to Eq. (3):

U∗ = argmin
i∈ΩUAV

(Wi + Ti) (3)
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where ΩUAV is the set of UAVs and indexed as i. Wi is the expected waiting
time for UAV i to start this deliverying, and Ti is the expected flight time
between the last location of UAV i and demand merchant location.

Then, the DC determines the optimal dock for UAV to pick up and drop
off parcel:

D∗
1, D

∗
2 = argmin

j,j′∈Ωdock

(Fj,j′ +Kj +Kj′ ) (4)

where D∗
1 is the optimal dock to pick up parcel, and D∗

2 is the optimal dock
to drop off parcel. Ωdock is the set of docks and indexed as j. Fj,j′ is the

expected flight time among UAV last location, dock j and dock j
′
. Kj is the

expected merchant walking time to dock j, and Kj′ is the expected customer

walking time to dock j
′
.

At last, the DC selects the optimal spatial conflict avoidance strategy S∗

based on Q-value learning, where Q− value is the state value corresponding
to the selected strategy:

Stra∗ = argmin
Stra.A, Stra.B

(Q− value) (5)

The Q-learning is a typical algorithm in Reinforcement Learning, which re-
peatedly explores the optimal paths during iterations based on record value
and current negative reward (Zhong, & Wang, 2025).

4. Determination of Dock and UAV Number

Fig. 4 depicts the overall operational logic of our scheme. In this section,
we solve the bi-level linear programming model, to obtain the optimal num-
ber of docks and UAVs, so that the system cost and service cost are both
minimized. The relevant variables are shown in Table 2.

4.1. Determination of optimal Dock Number

We firstly utilize two weight values α1 and α2 to combine Eq. (1) and
Eq. (2):

Min α1 × (c1 ×M + c2 × S) + α2 × (EWait+ EFly + EWalk) (6)

where 0 < α1, α2 < 1 and α1 + α2 = 1. We assume that α1 and α2 are des-
ignated by DC, to further prefer to reduce system cost or service cost. For
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Figure 4: Algorithm flows in Section IV and Section V

example, if dc tends to optimize customer experience and reduce service cost,
then α2 will be set larger than α1 (like α2 = 0.7 and α1 = 0.3). In general, we
assume that the importance of two costs is equivalent, as DC needs to mini-
mize both costs. The expected distance between merchant/customer location
and dock is denoted as x, and the walking speed of merchant/customer is
denoted as Vuser. Then, the expected walking time is calculated as:

EWalk = x/Vuser (7)

According to Voronoi diagram discussed in work (Lemardelé et al., 2021), to
ensure that all merchant/customer locations in the delivery area are within
the expected distance x from the dock, the number of deployed docks is
required based on Eq. (8):

M = ⌈ A

2x2
⌉ (8)

where M is the required number of docks, A is the square of delivery area,
and ⌈⌉ is an upward rounding function. According to the continuous approx-
imation conclusion in work (Daganzo, 1984), the expected UAV flight time
between docks to deliver parcel EFly is estimated as:
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Table 2: Table of Notations in Section 4

Symbol Description

α1/α2 weight value of objective function

x expected distance between merchant/customer location and dock

x∗ optimal distance between merchant/customer location and dock

A square of delivery area

Vuser walking speed of merchant/customer

VUAV flight speed of UAV

Function waiting time estimation function based on queuing theory

ρ∗ service intensity of UAV

LB/UB the lower/upper bound for UAV number searching

Max Num the maximum UAV number

EFly =
(2

√
2√
3
+ 1

2
)× x

VUAV

≈ 2.13x

VUAV

(9)

where (2
√
2√
3
+ 1

2
)× x is the estimated flight distance for one delivery request

through continuous approximation, and VUAV is the flight speed of UAV.
Based on queuing theory (Gross, Shortle, Thompson, & Harris, 2008), the
expected waiting time for UAV to start delivering EWait is related to arrival
rate (fixed and known), service rate (1/EFly) and server number (deployed
numebr of UAV, given as S). Therefore, the Eq. (6) can be rewritten as:

Min α1 ×
(
c1 × A

2x2
+ c2 × S

)
+ α2 × (Function(

VUAV

2.13x
, S) +

2.13x

VUAV

+ x/Vuser)

(10)

where Function(VUAV

2.13x
, S) is the classical function for calculating waiting time

in queuing theory. The Eq. (10) can be further divided into:

Min
1

x2
× (

α1 × c1 × A

2
) + x× (

2.13α2

VUAV

+ α2/Vuser) (11)
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Min S × α1 × c2 + Function(
VUAV

2.13x
, S)× α2 (12)

Note that Eq. (11) only contains one variable x (the values of other
symbols are fixed and known), Eq. (12) only contains two variables x and
S. Therefore, we obtain the value of x that minimizes Eq. (11), and then
determine S to minimize Eq. (12). Let f(x) = 1

x2 × ( α1× c1× A
2

) + x ×
(2.13α2

VUAV
+ α2/Vuser), and derive f(x) to obtain the first order derivative:

f
′
(x) = −α1 × c1 × A

x3
+

2.13α2

VUAV

+ α2/Vuser (13)

It is obvious that f
′
(x) monotonically increases. Therefore, the optimal

x∗ of minimizing f(x) can be obtained by equating the first order derivative
to zero:

f
′
(x∗) = 0→ x∗ = 3

√
α1 × c1 × A

2.13α2

VUAV
+ α2/Vuser

(14)

and the optimal dock number is obtained substitute into Eq. (8):

M∗ = ⌈ A

2(x∗)2
⌉ (15)

4.2. Determination of optimal UAV Number

After determining the optimal dock number, the service rate can be esti-
mated as 1/EFly according to Eq. (9). This means that the service intensity
(arrival rate divided by service rate) of one UAV can also be estimated, de-
noted as ρ∗. Then, the expected waiting time for UAV to start delivering will
only change with UAV number S (x is no longer an independent variable in
Function, as it is fixed as the optimal value x∗):
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EWait = Function(S) =
1

arrival rate
× (

(ρ∗)
S × ρ∗/S

S!× (1− ρ∗/S)2
)× (

1∑S−1
k=0

(ρ∗)n

n!
+ (ρ∗)S

S!×(1−ρ∗/S)

)

=
1

service rate
× (

1

S − ρ∗
− 1

S − ρ∗ + 1

(S−1)!
∑S−1

k=0
(ρ∗)k−S

k!

)

=
2.13x∗

VUAV

× (
1

S − ρ∗
− 1

S − ρ∗ + 1

(S−1)!
∑S−1

k=0
(ρ∗)k−S

k!

)

(16)

Then Eq. (12) can be rewritten as:

Min S × α1 × c2 + α2 ×
2.13x∗

VUAV

×

(
1

S − ρ∗
− 1

S − ρ∗ + 1

(S−1)!
∑S−1

k=0
(ρ∗)k−S

k!

)
(17)

Although Eq. (17) only contains one variable S, it is difficult to obtain the
optimal value through derivative, because the objective function includes the
factorial calculation of S. Therefore, we propose a heuristic Alg. 1 to search
for the optimal S∗. Due to the strict monotonic decrease of EWait as S
increases, we traverse from the lower bound LB to the upper bound UB to
find the optimal number of drones S∗, so that Eq. (17) is minimized (lines
15-22 in Alg. 1). The crucial issue is determining the appropriate upper and
lower bounds to shorten search time and ensure solution quality:

4.2.1. The lower bound

According to queuing theory, the number of multiple servers must be
greater than the service intensity, otherwise the waiting time will increase
infinitely. Therefore, the lower bound of UAV number is determined by
rounding up the service intensity (line 1 in Alg. 1).

4.2.2. The upper bound

The upper bound is obtained by binary search within the range of lower
bound UB and the maximum UAV number Max Num, which satisfies the
following two rules (lines 2-14 in Alg. 1):
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• Rule 1: Even if an additional UAV is added, the objective value (in
Eq. (17)) cannot be reduced (line 5).

• Rule 2: Even if an UAV is reduced, the objective value cannot be
reduced (line 6).

These two rules are proposed because the average waiting time decreases as
the UAV deployment cost (proportional to UAV number) increases. For Rule
1, there is no need to increase UAV number when the cost of increasing one
UAV is more than the average waiting time cost reduction. For Rule 2, if
reducing the UAV number leads to an excessive increase in average waiting
time, there is also no need for reduction2.

2If it is not possible to find an upper bound that satisfies both two rules, we only
consider the upper bound determination under Rule 1.
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Algorithm 1 UAV Number Dtermination.

1: LB ← ⌈ρ∗⌉
2: high←Max Num, low ← LB
3: while(k > LB)do
4: k ← ⌈high+low

2
⌉

5: if(α2 × Function(k) ≤ α1 × c2) and
6: (α2 × (Function(k − 1)− Function(k)) ≥ α1 × c2) then
7: UB ← k
8: break
9: else if(α2 × Function(k) > α1 × c2) then

10: low ← k
11: else
12: high← k
13: end if
14: end while
15: M V alue←MAX Integer
16: for(k = LB; k ≤ UB; k ++)do
17: if(k × α1 × c2 + α2 × Function(k) ≤M V alue) then
18: M V alue← k × α1 × c2 + α2 × Function(k)
19: S∗ ← k
20: end if
21: end for
22: return S∗

5. UAV Delivery Scheduling

This section mainly discusses the optimal UAV, dock and spatial con-
flict avoidance strategy selection, to reduce the service cost of each delivery
request. The relevant variables are shown in Table 3.

5.1. Determination of optimal UAV

Suppose DC receives a real-time delivery request, and the request in-
formation includes the location of demand merchant as well as customer,
denoted as Locm/Locc. The DC stores the available time of each UAV Ui

(denoted as tavai ), as well as the final arrival dock location after completing
all allocated delivery requests (denoted as Loclasti ). It is worth noting that
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Table 3: Table of Notations in Section 5

Symbol Description

Locm/Locc location of merchant/customer

Loclast∗ the last location of UAV

tava∗ the available time of UAV

DIS straight-line distance between two locations

pj selection probability of dock j

τ pheromone amount on flight edge

η heuristic hnformation on flight edge

β/γ pheromone amount/heuristic information weight

Hsum fixed total amount of pheromones

Hj deposited pheromone on flight edge

φ pheromone update weight

tdep∗ UAV departure time from dock

tarr∗ UAV arrival time at dock

the UAV always fly from the last location to the selected optimal pick-up
dock, and then fly from the pick-up dock to the selected optimal drop-off
dock.

5.1.1. Waiting time estimation

Once the request is received, the DC will estimate the waiting time for
each UAV to start deliverying this request (lines 4-7 in Alg. 2). If the
UAV available time (tavai ) is later than the time of receiving the request
(Current T ime), the request will need to wait for time (tavai −Current T ime)
before starting the delivery. Otherwise, when the available time is earlier than
the current time, the request does not need to wait and will be immediately
delivered by the UAV.

5.1.2. Flight time estimation

Besides, the flight time of UAV to merchant is also calculated, where DIS
calculates the straight-line distance between two locations (line 3). This is
because the UAV closer to merchants also fly closer to drop-off docks, as the
drop-off dock is prefered as nearby the merchant to reduce walking time.
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Then, the DC will select the earliest available and closest UAV to mer-
chant as the optimal UAV, to reduce the waiting time and parcel pick-up
time for delivery request (lines 9-11).

When allocating request to the optimal UAV, the last location and avail-
able time of U∗ also need to be updated (denoted as Loclast∗ and tava∗ ), so that
DC can select the optimal UAV for subsequent delivery request (lines 14-15
in Alg. 2).

Algorithm 2 Optimal UAV Selection.

1: Mini V alue←MAX Integer
2: for(∀Ui ∈ ΩUAV )do

3: Ti ← DIS(Locm,Loclasti )

VUAV

4: if(Current T ime < tavai ) then
5: Wi ← tavai − Current T ime
6: else
7: Wi ← 0
8: end if
9: if(Ti +Wi < Mini V alue)then

10: Mini V alue← Ti +Wi

11: U∗ ← Ui

12: end if
13: end for
14: select the optimal dock and strategy according to Alg.3/4
15: update Loclast∗ and tava∗ in Alg. 4
16: return U∗

5.2. Determination of optimal Dock

In this section, we consider the optimal dock selection under scenarios
without spatial conflicts3. For each delivery request, the DC needs to
choose two optimal docks: one for UAV to pick up parcel and the other to
drop off parcel (two docks cannot be the same). A common approach is to
traverse the dock set to find two docks that minimize the cost of UAV flight
time and merchant/customer walking time. However, such method only con-
siders the current request, while does not take into account the comprehensive

3The minimum time difference for UAV to arrive/depart from the same dock without
spatial conflicts can be seen as zero.
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optimization of future requests. To reduce the average cost of all requests, we
apply Ant Colony Algorithm (Dorigo, & Blum, 2005) to determine the opti-
mal dock. The Ant colony optimization is a well known probabilistic swarm
intelligence optimization technique, and has been successful in dealing with
problems of finding paths through graphs (Liu, Naoum-Sawaya, Gu, LecueF,
& Shorten, 2019).

Algorithm 3 Optimal Dock Selection.

1: Input: Loclast∗ , Locm, Ωdock

2: for(∀Dj ∈ Ωdock)do
3: calculate pj based on Eq. (18) and Eq. (19)
4: end for
5: select D∗ based on pj
6: Output: D∗

5.2.1. Selection of optimal pick-up dock

Consider Ant Colony Algorithm to select the optimal dock for picking
up parcel in Alg. 3, and there are three input parameters: the final arrival
dock location of selected UAV (Loclast∗ ), location of merchant (Locm), and
candidate dock set (Ωdock). For each dock Dj in dock set, the selection
probability pj is calculated according to following Eq. (18):

pj =
[τj]

β × [ηj]
γ∑

k∈Ωdock
[τk]

β × [ηk]
γ

(18)

where τj is the pheromone amount on edge < Loclast∗ , Dj >, and β is the
pheromone amount weight. ηj is the heuristic information on edge< Loclast∗ , Dj >,
and γ is the heuristic information weight. The heuristic information is in-
versely proportional to the flight time over edge < Loclast∗ , Dj > (denoted as
FLoclast∗ ,j) and walking time of merchant to dock Dj (denoted as Kj):

ηj =
1

FLoclast∗ ,j +Kj

(19)
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Figure 5: Dock selection under spatial conflict avoidance

once UAV chooses to fly over edge < Loclast∗ , Dj >, the deposited pheromone
by UAV on fligh edge is calculated as follows:

Hj =
Hsum

DIS(Loclast∗ , Locj) +DIS(Locj, Locm)
(20)

whereHsum is the fixed total amount of pheromones, and deposited pheromone
is inversely proportional to flight distance and walking distance. After the
flight, the pheromone amount on edge < Loclast∗ , Dj > is updated according
to following Eq. (21) (φ is the update weight):

τj = φ× τj + (1− φ)×Hj (21)

5.2.2. Selection of optimal drop-off dock

After selecting the optimal dock for picking up parcel, our Alg. 3 can
also be applied to select the other optimal dock for dropping off parcel by
changing the input parameter value. When selecting the optimal drop-off
dock, the final location of UAV becomes the selected pick-up dock location,
the merchant location becomes customer location, and the candidate dock
set needs to exclude the selected pick-up dock.
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5.3. Determination of spatial conflict avoidance strategy

To avoid spatial conflicts, each dock has an arrival list denoted as ArrList,
to store the expected arrival or departure time of UAV. The arrival list is
sorted in descending order, so ArrList.get(0) is the latest arrival/departure
time of UAV at the dock. As shown in Fig. 5, the UAV departs from the
last location dock Dd and arrives at the optimal dock (Dm or Dn). To avoid
spatial conflict, the departure time from Dd and arrival time at Dm or Dn

should be both considered. Since Alg. 3 for selecting the optimal pick-up
dock and drop-off dock is common except for input parameter values, the
conflict avoidance scheme is also homogeneous no matter Dm/Dn is pick-up
docks or drop-off docks. Therefore, we only explain the scheme when Dm/Dn

is pick-up docks.

5.3.1. Spatial conflict on departure dock

The departure dock Dd is also the last location of UAV Loclast∗ , because
the UAV will immediately deliver the subsequent request after completing
the previous delivery (line 1 in Alg. 4). When there is no spatial conflict,
the departure time of UAV from Dd, denoted as tdep∗ , is determined by UAV
available time tava∗ : if the available time of UAV is later than current time,
the departure time will be UAV available time. Otherwise, the UAV can
depart from Dd at current time (lines 2-6 in Alg. 4).

However, if there are spatial conflicts on dock Dd (lines 7-9 in Alg. 4), the
UAV needs to delay the departure time to Dd.ArrList.get(0)+δ, so that the
time delay between the departure time (tdep∗ ) and the latest departure/arrival
time of other UAV (Dd.ArrList.get(0)) is greater than the minimum time
difference δ. Then, the departure dock adds the expected departure time of
UAV to Dd.ArrList, to avoid future spatial conflicts (lines 10-11 in Alg. 4).

5.3.2. Spatial conflict on arrival dock

We consider two strategies to avoid spatial conflicts on arrival dock: Strat-
egy A adjusts UAV speed to delay the arrival time, while Strategy B will not
select the conflict dock. This means that the optimal arrival dock chosen
under different strategies may vary. As shown in Fig. 5, suppose the opti-
mal dock selected under Strategy A is Dm, and the optimal dock selected
under Strategy B is Dn (lines 12-13 in Alg. 4). Then, the optimal strategy
is selected based on Q-value learning (Watkins, & Dayan, 1992).
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When selecting the optimal dock Dm and Dn, the negative reward is
calculated as the summation of UAV flight time and merchant walking time:

r(d,m) =
DIS(Locm, Dm)

Vuser

+
DIS(Dd, Dm)

VUAV

,

r(d, n) =
DIS(Locm, Dn)

Vuser

+
DIS(Dd, Dn)

VUAV

(22)

the Q-value of future state is estimated as the minimum value in Q-tables of
Dm and Dn (each dock has two Q-tables to store the corresponding Q-value
for selecting the next dock under different strategies):

Qm,f = min{Qm1,1, ..., Qm2,1, ...},
Qn,f = min{Qn1,1, ..., Qn2,1, ...}

(23)

Qm1,1/Qn1,1 is the Q-value when departing from Dm/Dn and select D1 under
Strategy A, and Qm2,1/Qn2,1 is the Q-value when departing from Dm/Dn

and select D1 under Strategy B. Based on negative reward and Q-value of
future state, the new Q-value when departing from Dd and select Dm or Dn

is calculated according to following Eq. (24) (line 14 in Alg. 4):

Qnew−d1,m ← Qd1,m + λ× (r(d,m) + µ×Qm,f −Qd1,m),

Qnew−d2,n ← Qd2,n + λ× (r(d, n) + µ×Qn,f −Qd2,n)
(24)

where λ is the learning rate and µ represents the discount value implying the
effect of the current selection on the future.

The dock and corresponding strategy with lower new Q-value are selected,
to reduce UAV flight time and merchant walking time (lines 15-27 in Alg.
4):

• If Strategy A is selected: The optimal dock for UAV next arrival D∗

will be Dm (line 16), and the corresponding Q-value should be updated
(line 17). Under the scenario of no spatial conflict on Dm, the arrival
time at Dm (denoted as tarr∗ ) will be departure time tdep∗ plus flight time
between departing dock Dd and arrival dock Dm denoted as Fd,m (line
18).

However, if there are spatial conflicts on Dm (line 19), the UAV needs
to adjust the speed (line 21). With the adjusted speed, the arrival time
will delay to Dm.ArrList.get(0)+δ, so that the time delay between the
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arrival time (tarr∗ ) and the latest departure/arrival time of other UAV
(Dm.ArrList.get(0)) is greater than the minimum time difference (line
20).

• Otherwise Strategy B is selected: The optimal dock for UAV next
arrival D∗ will be Dn (line 24), and the corresponding Q-value should
be updated (line 25). Since Strategy B only selects the dock without
spatial conflict, the arrival time at Dn will be departure time tdep∗ plus
flight time between departing dock Dd and arrival dock Dn (line 26).

Once determining the optimal dock for UAV next arrival D∗ and arrival
time tarr∗ , the optimal dock will add the expected arrival time of UAV to
D∗.ArrList, to avoid future spatial conflicts (lines 28-29 in Alg. 4). Besides.
the last location of UAV will be updated to D∗ (line 31), and the available
time of UAV will be updated to arrival time at D∗(in line 30).
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Algorithm 4 Optimal Avoidance Strategy Selection.

1: Dd ← Loclast∗
2: if(Current T ime < tava∗ ) then
3: tdep∗ ← tava∗
4: else
5: tdep∗ ← Current T ime
6: end if
7: if(|Dd.ArrList.get(0)− tdep∗ | ≤ δ) then
8: tdep∗ ← Dd.ArrList.get(0) + δ
9: end if

10: Dd.ArrList.add(t
dep
∗ )

11: sort Dd.ArrList with descending order
12: Dm ← Alg. 3(Dd, Locm,Ωdock)
13: Dn ← Alg. 3(Dd, Locm,Ωdock\{conflict docks})
14: calculate Qnew−d1,m and Qnew−d2,n based on Eq. (24)
15: if(Qnew−d1,m ≤ Qnew−d2,n)then
16: D∗ ← Dm

17: Qd1,m ← Qnew−d1,m

18: tarr∗ ← tdep∗ + Fd,m

19: if(|Dm.ArrList.get(0)− tarr∗ | ≤ δ) then
20: tarr∗ ← Dm.ArrList.get(0) + δ

21: VUAV ← DIS(Dd,Dm)

tarr∗ −tdep∗
22: end if
23: else
24: D∗ ← Dn

25: Qd2,n ← Qnew−d2,n

26: tarr∗ ← tdep∗ + Fd,n

27: end if
28: D∗.ArrList.add(tarr∗ )
29: sort D∗.ArrList with descending order
30: tava∗ ← tarr∗
31: Loclast∗ ← D∗

32: return D∗
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6. CASE STUDY

The Opportunistic Network Environment (ONE) (Keränen, Ott, & Kärkkäinen,
2009) is used to implement a case study. In the default scenario, the street
map is from the downtown area of Helsinki City with 4500×3400 m2 area
in Finland shown in Fig. 6. We initialize 4 DCs through K-means cluster-
ing algorithm (Hartigan, & Wong, 1979), with square of each delivery area
approximate to 4500×3400/4 m2. The default flight speed of UAV is 10.8
km/h, and the walking speed of merchant/customer is 1.5 m/s. The UAV
departure location is initialized as DC, and then the UAV flies between docks.
The minimum time difference for UAV to arrive/depart from the same dock
without spatial conflicts is set as 180s.

Figure 6: Simulation scenario of Helsinki City

The location of merchant/customer of each delivery request is randomly
selected from a location on the map, and the delivery demand follows a Pois-
son distribution with an arrival rate of 1/80. The average cost of deploying
a dock is 100s, and the cost of deploying a UAV is 600s, where value of time
is utilized to convert deployment cost unit (money) into time unit (second).
It is worth noting that the service cost is estimated as the average cost of
completing one delivery, so the system (deployment) cost is also set as the
average value per task. The weight value α1 and α2 in Eq. (6) are both
0.5, with the initial upper limit of Alg. 1 set as 100. Besides, The weight
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(a) (b)

Figure 7: Dock geographical distribution: (a) centralized scenario (b) distributed scenario.

Table 4: TABLE OF Evaluation Attributions

Metrics (second unit) Definitions
Deployment Cost average cost for DC to deploy docks/UAVs

Average Waiting Time average waiting time for UAV to start delivering
Average Walking Time average walking time to docks
Average Flight Time average flight time between docks

of pheromone amount and heuristic information (β/γ) is 3 and 7, with the
pheromone update weight φ set as 0.5.

Although our scheme determines the optimal number of docks, the geo-
graphical distribution of docks is not considered. Therefore, we discuss two
different scenarios of dock geographical distribution to evaluate performance
shown in Fig. 7. Under the centralized scenario in Fig. 7 (a), the docks are
centrally deployed and close to DC. While under the distributed scenario in
Fig. 7 (b), the docks are distributed deployed and far from DC. The perfor-
mance evaluation is the average result of two scenarios, and each experiment
will be repeated five times. The evaluatation attributes are shown in Table
4 (all units are second).

6.1. Influence of dock number

Based on our scheme, the optimal dock number is 4 docks at each delivery
area. We compare the performance under 3 docks, 4 docks (Optimal), and 5
docks, where the number of UAVs are all fixed as 3. As shown in Fig. 8 (a),
the average waiting time tends to zero under different numbers of docks, so
only 3 docks and 3 UAVs are needed to meet the delivery demand. However,
the average walking time is increased with the decrease in dock number in
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(a) (b) (c)

(d) (e)

Figure 8: Influence of Dock Number: (a) Average Waiting Time (b) Average Walking Time
(c) Average Flight Time (d) Deployment Cost (e)Average Total Cost (the summation of
(a), (b), (c) and (d)).

Fig. 8 (b), which is consistent with the conclusion in Eq. (8). When the
number of docks decreases from 4 to 3, the average walking time is increased
by 54%.

Even through, when the number of docks increases from 4 to 5, the aver-
age walking time is just decreased by 4.26%. This means that the number of
docks obtains a marginal effect on reducing average walking time, so adding
more docks may be difficult to further reduce average service cost.

As shown in Fig. 8 (d), the deployment cost increases with the increase
in dock number. Even if the average flight time increases under the optimal
dock number in Fig. 8 (c), the average total cost is the minimum compared
to 3 and 5 docks in Fig. 8 (e). This indicates that our scheme can achieve
a balance between minimizing deployment cost and minimizing service cost,
thereby reducing overall delivery cost.
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(a) (b) (c)

(d) (e)

Figure 9: Influence of UAV Number: (a) Average Waiting Time (b) Average Walking Time
(c) Average Flight Time (d) Deployment Cost (e)Average Total Cost (the summation of
(a), (b), (c) and (d)).

6.2. Influence of UAV number

Through our Alg. 1, the optimal UAV number is determined as 3-2-2-3
at four delivery areas from DC1 to DC4. We compare the performance under
all 3 UAVs, all 2 UAVs and 3-2-2-3 UAVs (Optimal) deployed at DC1 to
DC4, where the dock number are all fixed as 4. As shown in Fig. 9 (a), the
average waiting time is highly increased under all 2 UAVs due to reduction of
available UAVs. Even though, compared with all 3 UAVs, the optimal UAV
number 3-2-2-3 can also reduce the average waiting time to zero, with two
UAVs reduced in total number. This is because our Alg. 1 can determine the
optimal UAV number for each delivery area, rather than directly applying
the homogeneous UAV number.

Besides, the average walking time in Fig. 9 (b) and the average flight
time in Fig. 9 (c) is similar under different UAV numbers, because the
average walking/flight time is mainly influenced by the dock number and
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Table 5: TABLE OF Performance Gap under Different Dock Geographical Distribution

Gap (%) Average Waiting Average Walking Average Flight Average Total Cost
All 3 0 56.34 57.01 18.03
All 2 699.231705 53.92 64.29 59.36
3-2-2-3 145.94 57.13599351 62.48146461 21.31555956

geographical distribution. The deployment cost is also increased with the
increase in UAV number in Fig. 9 (d). In overall, the average total cost is
the minimum under the optimal UAV number compared to all 2 and 3 UAVs
in Fig. 9 (e), because our Alg. 1 can determine the minimum UAV number
that can reduce the average waiting time to zero.

We also evaluate the performance gap of UAV number under different
dock geographical distribution scenarios in Fig. 7, and the gap is calculated
as (Worst−Best)/Worst∗100%. The results are shown in Table 5, where the
key observation is that the increase in UAV number can reduce the impact
of dock geographical distribution. When the UAV number decreases from all
3 to all 2, the average total cost gap increases by nearly three times (18% to
59%). Even though, our optimal solution only increases the performance gap
of average total cost by 3%. In practice, the DC can set up redundant UAVs
based on the optimal solution of UAV number, to meet the time constraints
of delivery demand under distributed dock geographical distribution.

6.3. Influence of Dock Selection

This section evaluates the performance of dock selection without spatial
conflicts. Under 3-2-2-3 UAVs, we compare our Ant Colony Algorithm (Ant-
104) with traversal algorithm (Tra-10), as well as the heuristic algorithm
which optimizes the scheduling of UAV tasks based on greedy insertion and
neighborhood search (Heu-10) in work (Sun et al., 2024). Since Heu-10
does not consider the dock selection, the optimal dock is selected based on
our Alg. 2, while the last location of UAV is always DC. Moreover, we
evaluate the performance of Ant Colony and traversal algorithms when the
UAV number (3-2-2-2) is less than the optimal number, defined as Ant-9 and
Tra-9. The deployment cost of Tra-10/Ant-10/Heu-10 are all 1500s, while
the deployment cost of Tra-9/Ant-9 are both 1350s. We do not display the

4The number 10 behind the scheme denotes the number of deployed UAVs as 3-2-2-3,
and the number 9 denotes the number of deployed UAVs as 3-2-2-2.
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(a) (b)

(c) (d)

Figure 10: Influence of Dock Selection: (a) Average Waiting Time (b) Average Walking
Time (c) Average Flight Time (d) Average Total Cost (the summation of (a), (b), (c) and
deployment cost.

deployment cost in Fig. 10 due to limited space.
As shown in Fig. 10, the Heu-10 performs the worst in all evaluation

attributes. This is because Heu-10 does not consider the impact of UAV
location changes on the optimal dock selection. The optimal dock for the
subsequent delivery depends on UAV location when completing the previ-
ous task, however, under Heu-10 the optimal dock is independent of UAV
location. This highly increases the average cost of Heu-10.

Under 10 UAVs, the average waiting time of Ant-10 and Tra-10 are both
zero in Fig 10 (a). When the number of UAVs decreases from 10 to 9, the
average waiting time of Ant Colony Algorithm under Ant-9 still approaches
to zero, while the average waiting time of traversal algorithm under Tra-9
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Table 6: TABLE OF Performance Gap under Different Dock Geographical Distribution

Gap (%) Average Waiting Average Walking Average Flight Average Total Cost
Tra-10 145.94 57.13599351 62.48146461 21.31555956
Ant-10 316.04 41.3542087 76.2584687 18.929834
Heu-10 1640.717598 88.77335953 116.0057264 149.2883511
Tra-9 351.2 66.02 62.99 40.72
Ant-9 70.13052959 16.68918837 23.32997082 8.523939104

increases to 175s. This is because our Ant-10/Ant-9 can reduce the average
flight time of UAV shown in Fig 10 (c), thus enabling UAV to become avail-
able faster. Although the average walking time of Ant-10/Ant-9 is increased
in Fig 10 (b), the average flight time is decreased, and the total cost is the
minimum compared to traversal algorithm and heuristic algorithm shown in
Fig 10 (d). In addition, due to the reduction of flight time, the Ant Colony
Algorithm can maintain waiting time around zero with the UAV number
reduction, thus further decreasing the total cost from Ant-10 to Ant-9.

In particular, the performance gap of schemes under different dock ge-
ographical distributions are shown in Table 6. It is obvious that the per-
formance gap of Heu-10 is the largest, because Heu-10 does not take into
account the final location of UAV. Under our algorithm Ant-10/Ant-9, the
optimal dock and UAV is selected based on a first-come-first-served principle.
However, for Heu-10, the optimal docks are always selected for all requests
in the decision pool before selecting the optimal UAVs. This means that
the optimal dock selection for the subsequent request does not consider the
connection with the previous task, thus increasing the flight time gap.

6.4. Influence of Spatial Conflict

The Ant Colony scheme without spatial conflicts (denoted as PureAnt) is
used as the benchmark, to analyze the impact of spatial conflicts. Besides, to
evaluate the performance of spatial conflict avoidance strategies, we compare
the schemes that uses only Strategy A (denoted as SpeedA), Strategy B
(denoted as AvoidB), and Q-value selection strategy (denoted as Q-valueAB).
The Strategy A and Strategy B are both detailed in Section III.C, while Q-
value selection strategy is proposed in Section V.C. The experiment results
under scenario of Fig. 7 (a) are shown in Fg. 11.

As shown in Fig. 11 (a), the average waiting time of SpeedA, AvoidB and
Q-valueAB are all increased. This is because that to avoid spatial conflicts,
the UAV must decrease flight speed or delay the takeoff time, thus affecting
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(c) (d)

Figure 11: Influence of Spatial Conflict: (a) Average Waiting Time (b) Average Walking
Time (c) Average Flight Time (d) Average Total Cost (the summation of (a), (b) and (c).

UAV availability. Even so, the average waiting time under Q-valueAB is
the lowest compared with SpeedA and AvoidB, as Q-valueAB will choose
the optimal avoidance strategy based on current negative reward and future
state.

Since SpeedA reduces the flight speed to avoid conflicts, the average flight
time under SpeedA is the highest in Fig. 11 (c). However, for AvoidB, the av-
erage walking time is the highest shown in Fig. 11 (b), because AvoidB does
not choose the conflict docks which may be the closest to merchant/customer.
As a combination of SpeedA and AvoidB, Q-valueAB avoids spatial conflicts
without significantly increasing the average walking and flight time, thus re-
sulting in the lowest average total cost among the three strategies shown in
Fig. 11 (d).
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Table 7: TABLE OF Performance Gap of Solutions

Gap (%) Average Waiting Average Walking Average Flight Average Total Cost
SpeedA 90.03247742 1.374515143 7.848439587 14.99355237
AvoidB 230.0994638 8.116908967 0.586584093 27.41469552

Q-valueAB 87.00227236 5.467958375 5.627974983 9.084048109

We also evaluate the gap between the best and worst performance of these
three avoidance strategies in repeated experiments. The results in Table 7
show that SpeedA obtains the highest performance gap in average flight time,
while AvoidB has the highest performance gap in average walking time. This
is consistent with the conclusion in Fig. 11: The highest performance gap
in average flight time under Strategy A is caused by speed reduction, while
conflicting dock avoidance leads to the highest performance gap in average
walking time under Strategy B.

For Q-valueAB, its performance gap in average waiting time is the lowest,
and it is stable in other performance gaps. Q-valueAB not only combines
the advantages of SpeedA and AvoidB, but also considers both current nega-
tive reward and future state when choosing the strategy through Q-learning
(Wang, 2020). This leads to a stable performance in avoiding spatial conflicts
and reducing service cost.

6.5. Influence of External Disturbance

In this experiment, 50% of the docks are disturbed every 0.5 to 1 hour,
and UAVs that choose to take off/land at that dock need to wait for 180s.
The simulation results under 9 UAVs and 4 docks are shown in Table 8 (the
unit is second).

It is obvious that Q-valueAB outperforms other strategies on reducing
average wating time, average driving time and average flight time. As the
dock disturbance requires the UAV to wait for a time period before tak-
ing off/landing, the average waiting time of the three schemes all increase
compared to no disturbance case. Furthermore, since AvoidB does not se-
lect disturbed docks, the average walking time increases the most. While
for SpeedA, the average flight time is the highest because it avoids distur-
bances by reducing flight speed. Even though, the average walking time of
Q-valueAB is similar to PureAnt under no disturbance case, and Q-valueAB
obtains the lowest average total cost compared with SpeedA/AvoidB. This
is because Q-valueAB selects the optimal dock based on historical record
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Table 8: TABLE OF Performance Comparisons under External Disturbances

Strategy Average Waiting Average Walking Average Flight Average Total Cost
PureAnt (no disturbance) 0.0827 552.3958 282.82735 835.30585

SpeedA 273.7463 558.0574 350.4747 1182.278
AvoidB 330.0562 587.8433 341.1621 1259.062

Q-valueAB 69.99365 552.3223 330.6341 952.9501

values and current reward values. When the previous disturbance causes an
increase in UAV costs, the Q-valueAB will record the historical cost values
in the Q-table, to reduce the future selection of disturbed docks.

6.6. Static Numerical Study

In this section, the dock and demand locations are randomly generated
in a matrix of 1000m ∗ 1000m. The number of docks is fixed at 4, and
the UAV number is fixed at 3. Our scheme and heuristic scheme in work
(Sun et al., 2024) are achieved in Matlab, while Gurobi in Python is uti-
lized to obtain the optimal solution5. Since the waiting time is defined as
the time difference between sending the request and starting delivering the
request under our model, the waiting time is approximated estimated in
Gurobi. This is because the waiting time cannot be calculated by a lin-
ear function, and the waiting time is approximated as the arrival time at
the pickup dock minus the average flight time from other docks to that
pickup dock. Each experiment is repeated 20 times, with an algorithm
running time limit of 300 seconds. The objective value is the average de-
livery cost, which is calculated as the average of 20 experimental results.
The performance gap evaluates the gap between the obtained solutions:
Gap = (the worst solution− the best solution)/(the worst solution)∗100%.
The performance comparisons under different demand numbers without spa-
tial conflicts are shown in Table 9.

It is obvious that our ant scheme is closer to the optimal solution obtained
by Gurobi under 10 and 20 demand number compared to heuristic scheme.
This is because our scheme can schedule UAVs in real-time, thereby reducing
the waiting time cost of customers. When the demand number increases to
30, the ant scheme obtains a lower cost solution compared to Gurobi. This
is because as the problem scale increases, it becomes difficult for the linear

5It is worth noting that if Gurobi cannot find the optimal solution, the sub-optimal
solution stored in the solution pool will be outputted.
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Table 9: TABLE OF Performance Comparisons under static scenario without spatial
conflicts

Scheme Ant. Heu. Gurobi
Demand Number Obj (s) Gap (%) Obj (s) Gap (%) Obj (s) Gap (%)

10 893.5 31.4418 1206.76 52.3998 873.5284 -
20 1218.39 16.2046 1463.41 33.8043 1191 -
30 1285.8733 22.142 1646.1330 37.7481 1378.3468 6.2531

Table 10: TABLE OF Performance Comparisons under static scenario with spatial con-
flicts

Scheme Ant+Q value Heu. Gurobi
Demand Number Obj (s) Gap (%) Obj (s) Gap (%) Obj (s) Gap (%)

10 1228.84 11.0759 1416.54 17.7373 1060.1 -
20 1650.76 16.7867 1947.63 23.0183 1361.5 -
30 2275.9067 10.352 2574.7943 14.1707 2317.1428 5.7423

solver to obtain the optimal solution within a limited computational time. In
addition, the ant scheme outperforms on the optimal solution convergence,
as the gap of ant scheme is lower than heuristic scheme under all demand
number scenarios.

We also evaluate the performance considering spatial conflicts. As shown
in Table 10, avoiding spatial conflicts increases the average delivery cost of all
three schemes. When the demand number is 30, our solution can achieve the
lowest average delivery cost with the help of the optimal conflict avoidance
strategy selection. Another observation is that spatial conflicts reduce the
performance gap between the optimal solutions of the three schemes. This
may be because conflict avoidance limits the search range of the optimal
solution, thereby accelerating the convergence of the solution.

6.7. Work Limitation Discussion

Although previous experimental results shows that our scheme outper-
forms other schemes on reducing delivery costs, there are still some work
limitations that need to be discussed here. Firstly, our work does not con-
sider the impact of UAV parcel payload and flight endurance. Secondly, al-
though dock conflict avoidance is discussed, the collision avoidance in UAV
flight routes is not taken into account. In future work, these limitations can
be improved by using neural network models to capture demand and route
features.
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7. CONCLUSION

In this paper, we mainly propose a UAV delivery system considering both
flight dock selection and spatial conflict avoidance. Based on the bi-level
linear programming model, the optimal number of docks and UAVs deployed
in delivery area is determined, to minimize both the system cost and service
cost. In addition, the optimal dock is selected through Ant Colony Algorithm
and Q-value learning, to reduce the service cost and avoid spatial conflict.
Compared with other schemes, our proposed scheme can outperform on cost
reduction as well as conflict avoidance, and is robust to different geographical
distribution of docks.
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