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ABSTRACT
A novel UAV-aided edge computing system is proposed in this work, where UAV-aided edge nodes are
dispatched to provide communication and computation assistance for completing tasks generated by ground
clients (GCs). We formulate a trajectory design and task allocation problem (TDTAP), aiming at maximizing
the sum of completed tasks of GCs by optimizing the proper trajectory for each UAV and scheduling tasks
from each GC. It is impossible to solve the TDTAP problem directly in polynomial time since UAVs lack all
GCs’ information, e.g., position and amount of tasks. To this end, we put forward an online iterative algorithm
named Maximum UAV trajectory and Task Allocation Algorithm (MUTAA) to solve the TDTAP problem by
jointly optimizing UAVs’ trajectory and GCs’ task scheduling. Unlike existing algorithms, MUTAA can make
real-time decisions for each UAV without acquiring information from all GCs in advance. During each iteration,
MUTAA consists of two sub-algorithms: (1) trajectory design algorithm TDA and (2) task allocation strategy
TAS. Specifically, the preschedule step is used in TDA to find the proper trajectory for UAVs, and a competitive
online algorithm, TAS, is proposed to schedule GCs’ tasks. Theoretical analysis proves that TAS is 𝑒∕(𝑒 − 1)competitive, that is, it processes (𝑒 − 1)∕𝑒 (approximately 63%) tasks when compared with the optimal offline
solution. Experimental results demonstrate that MUTAA completes 83% data on an average of the optimal
offline solution, illustrating that the proposed algorithm MUTAA can be widely used in time-sensitive scenarios.

1. Introduction
The increasing number of ground clients (GCs), e.g., wearable devices, smartphones, and tablet computers, has produced enormous
computation-intensive tasks, such as video calls, traffic surveillance,
and online games [1]. However, it is generally hard for a GC to
complete the enormous computing tasks in time by itself due to its
limited computing resources on board. Although offloading some tasks
to a base station (BS) can alleviate this problem to some degree, it might
cause congestion and unbearable network delay. By deploying nearby
edge nodes with richer computation resources, the GCs’ burden can be
sharply reduced by offloading tasks to edge nodes [2].
Due to high mobility and flexibility, unmanned aerial vehicles
(UAVs) have been widely adopted in edge computing (EC) [3]. UAVaided edge computing has many advantages compared with terrestrial
edge computing. First, UAVs can improve the communication services
for GCs, for they can fly close to GCs and provide line-of-sight (LOS)
communication, which improves the transmission rate between UAVs

and GCs. Second, unlike terrestrial edge computing, UAVs can offer
timely services due to their mobility to move quickly, which can be
applied in emergencies.
Currently, most works [4–16] in UAV-aided edge computing focus
on finding out an appropriate strategy to minimize the energy consumption [4–10], computation and communication latency [11–13],
or maximize the tasks’ completion amount [14–16] of GCs. In these
works, sophisticated UAV-aided edge computing models are formulated
and transferred as non-convex problems. These problems are solved
by offline algorithms by mathematic tools such as CVX and Gurobi
and achieve near-optimal results. However, using maths tools takes
much computation time, and UAVs can only obtain information from
GCs within their communication range, leading to the result that UAVs
cannot make real-time decisions. Therefore, an online UAV-aided edge
computing strategy that consists of a BS, UAVs, and GCs is needed with
a more significant task completion amount and less execution time to
meet the demand of GCs.
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Fig. 1. An application scenario of UAV-aided edge computing system. Several GCs, such as tachograph devices, are set on vehicles to record real-time traffic video. Using video
processing technology, each device can obtain information on traffic conditions such as traffic congestion, identify the traffic condition and upload the results to keep other
vehicles from traffic congestion, traffic accident, and traffic signal from the recorded video. Due to their limited computation capability, tachograph devices cannot complete
all video-processing tasks alone. They divide the video into several small images by frames and offload some image-processing tasks to the BS and UAV-aided edge nodes to
compute. The computation results (usually much smaller than computation tasks) will be uploaded to the remote cloud center. When other GCs require the traffic information,
they can download the results from the remote cloud center. In this work, we aim to maximize the total completed tasks from GCs by considering the trajectory of each UAV and
task-scheduling strategy for each GC.

One application scenario of the UAV-aided edge computing system
is shown in Fig. 1, which contains GCs, several UAV-aided edge nodes, a
BS, and a central cloud. Specifically, a group of GCs (such as tachograph
devices) is set in vehicles to record the real-time traffic video. Using
video processing technology, a GC can acquire traffic information
such as traffic congestion, traffic accident, and traffic signal from the
recorded video. However, the computation capability of GCs is limited,
and they cannot process the video-processing task alone. The videoprocessing task is then divided into several image-processing tasks by
frames, and some of them are offloaded to the BS, or some UAV-aided
edge nodes [17]. The processing results will be uploaded to the cloud
center for traffic monitoring and dangerous driving behavior detection.
Since processing results are much smaller than video-processing tasks,
when other GCs require traffic information, they can download the
results from the remote cloud center. This work aims to maximize the
total processing data generated from GCs by optimizing each UAV’s
trajectories and scheduling task allocation for each GC.
The readers can capture the following challenges we face. (1) Unlike terrestrial edge computing, UAV-aided edge computing considers
the task scheduling strategy among GCs, UAVs, and the BS but also
considers trajectory design. In practice, UAVs receive tasks offloaded
from GCs while flying simultaneously. Thus, a joint UAV trajectory
and task scheduling strategy should be proposed in this work. (2) Most
existing works in UAV-aided edge computing systems do not consider
the centralized BS. A few works with BS exist, but they solve UAV
trajectory and task scheduling problems in offline scenarios, where
UAVs must obtain information in advance from GCs, such as their
location and residual task amount. UAVs usually lack the information
above, and thus an online strategy needs to be implemented in the
corresponding scenarios.
Rising to the above challenges, this paper proposes an online algorithm named Maximum UAV Trajectory and Task Allocation Algorithm
(MUTAA) to optimize UAVs’ trajectories and schedule GCs’ tasks. The
main contributions are listed as follows.

total task amounts of GCs in advance, thus needing real-time decisions. We consider UAVs’ trajectories and GCs’ task scheduling
and formulate a TDTAP problem to maximize the task-processing
amount of GCs.
• We propose an online algorithm named MUTAA to solve TDTAP,
and MUTAA is consisted of two sub-algorithms to optimize UAVs’
trajectories and schedule GCs’ tasks, respectively. Specifically, the
trajectory design algorithm TDA is first proposed to optimize
trajectories of UAVs by using preschedule strategy, which improves the task processing amount of GCs. Then a competitive
online algorithm, TAS, is presented to schedule GCs’ tasks. We
𝑒
utilize primal–dual technology in TAS and prove that TAS is 𝑒−1
𝑒−1
competitive, that is, it completes at least 𝑒 (approximately 63%)
data as much as the optimal offline solution through theoretical
analysis.
• The task-allocation experimental results demonstrate that MUTAA
completes an average 83% offloading task amount of the optimal
offline policy but takes much less execution time. Besides, the
trajectory design experimental results show that UAVs have a
shorter flight distance in MUTAA than the compared algorithm.
The rest of this paper is organized as follows. Section 2 introduces
related works on UAV-aided edge computing and task allocation strategies in UAV-aided edge computing. Section 3 presents the system model
and then formulates the TDTAP problem. Section 4 proposes an online
algorithm MUTAA to solve the TDTAP problem. Section 5 conducts experiments to verify the performance of our algorithm. Finally, Section 6
concludes the work.
2. Related works
This section reviews recent related works on UAV-aided edge computing, task dispatching and scheduling strategy, and task dispatching
and scheduling strategy in UAV-aided edge computing.
2.1. UAV-aided edge computing

• This paper presents a novel UAV-aided edge computing scenario,
where a BS, UAVs, and GCs cooperatively process tasks generated
by GCs. Unlike previous works, UAVs do not know locations and

Many works exist concentrating on designing a UAV-aided edge
computing system to offload the computing tasks generated by GCs.
2
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Yong et al. [3] investigated many recent works in UAV-aided edge
computing and declared that UAV-aided edge computing could process
more tasks than traditional terrestrial edge computing. Hu et al. [18]
assumed that computing tasks generated from each GC have their
deadlines and aimed to minimize the energy consumption of all GCs
by optimizing UAV’s trajectory. Zhou et al. [19] combined a UAVenabled wireless communication system with wireless power transfer
(WPT) to collect data from ground IoT devices, where the UAV can
harvest energy to extend their working time. On this basis, they aimed
to maximize the transmission rate of all IoT devices while considering
the energy consumption of the UAV.

2.3. Task dispatching and scheduling strategy in UAV-aided edge computing
network
Several works combine task dispatching and scheduling strategies in
UAV-aided edge computing [13,28–30]. Most existing works construct
a joint UAV trajectory and task allocation problem and use mathematical tools such as Matlab and CVX to solve the problem. A novel
UAV-aided edge computing scenario including the UAV and several
edge nodes was proposed in work [13] to collaboratively provide
computation services for the GCs. They formulated the maximum clique
technology to plan a proper trajectory for each UAV and then utilized
a task-allocation strategy to offload GCs’ tasks. Li et al. [28] studied
a UAV-aided mobile edge computing scenario to minimize the task
completion time of the UAV by deciding the optimal processing method
for tasks from each user. An algorithm using reinforcement learning
was proposed to maximize the task processing of all GCs in their work,
and experimental results show that their algorithm completed 90% of
tasks. Liu et al. [29] mounted the edge node on each UAV to monitor
the real-time traffic and proposed an algorithm that minimizes the total
required energy by jointly optimizing the CPU frequencies. The offloading amount, transmit power, and UAV’s trajectory. A UAV-aided edge
computing system was proposed in work [8], where a sophisticated
offloading model was established to allocate computing tasks of ground
sensors to the UAV or the centralized BS. Zhang et al. [30] equipped
a MEC server on a UAV to serve several IoT devices. Each IoT device
was assumed to contain a time-critical task to complete, and the author
proposed a near-optimal solution to minimize the total latency time of
all IoT devices.
However, most of these works considered an offline framework
where UAV obtains information from GCs in advance, which did not
cater for the situations requiring quick response [13,28,29]. This paper
proposes a real-time UAV-aided edge computing system where UAVs
and GCs have to make real-time decisions.

Some works utilize UAV swarms to assist GCs in processing their
tasks cooperatively. Cao et al. [20] novelly developed a UAV-aided
edge computing system by utilizing swarm intelligence technology,
where several UAVs were dispatched to serve large-scale IoT devices.
To minimize the total energy consumption cost by UAVs and IoT
devices, an offline strategy is proposed to optimize the trajectory of
each UAV and schedule a task-allocation strategy for each IoT device.
Jeong et al. [21] mounted computing edge nodes on UAVs and assumed them as mobile cloudlets to process tasks from ground users in
emergency scenarios such as earthquakes and fire disasters. A jointly
UAV-trajectory and task-allocation algorithm was also proposed in this
paper to minimize the total delay of all computing tasks generated by
ground users.
Most of these works study edge computing scenarios consisting of
UAV-aided edge nodes and GCs. However, the edge computing system
should consider the centralized BS in practicality. In this work, a threelayer scenario is constructed consisting of a BS, several UAVs, and GCs
to optimize UAVs’ trajectories and GCs’ task scheduling jointly.

2.2. Task dispatching and scheduling strategy
Task dispatching and scheduling strategy focus on dividing the computation tasks into several sub-tasks and scheduling the sub-tasks to the
proper device to minimize the task-completion time. Deng et al. [22]
constructed a system contains several wireless APs to process data
uploaded from users, and proposed an online AP-user association algorithm to maximize the amount of offloaded data. Meng et al. [23]
proposed an online task dispatching algorithm that maximizes the total
task processing amount for GCs. Specifically, each GC divides the task
into multiple subtasks according to the task type (e.g., video-processing
tasks, speech recognition tasks) and uploads their subtasks to different
edge nodes for task processing. Tan et al. [24] proposed a system that
dispatches and schedules that the job response time is minimized. In
their policies, the job is divided into several sub-jobs according to time
slots, and each sub-jobs can be severed by the edge server instantly.
The processing results are then returned to GCs.

3. System model and problem formulation
In this section, we present the system model and formulate the
trajectory design and task allocation problem TDTAP, where the task
processing amount of all GCs is maximized under the constraint of the
UAV’s trajectory and computation capability and GCs.
3.1. System model
A UAV-aided edge computing system is established, consisting of
𝑚 GCs (denoted as 𝐼 = {𝑖1 , 𝑖2 , 𝑖3 , … , 𝑖𝑚 }), 𝑛 UAVs (denoted as 𝐽 =
{𝑗1 , 𝑗2 , 𝑗3 , … , 𝑗𝑛 }), and a BS 𝐵𝑏 .
We define 𝑇 as the total time in consideration, and 𝑇 = 𝛥𝑡 ⋅ 𝑠, where
𝛥𝑡 is the length of each time slot. The value of 𝛥𝑡 is small enough that
UAVs and GCs are assumed to keep stationary during a single time slot,
and 𝑠 represents the number of time slots during the period 𝑇 . Symbol
𝐾 is the set of time slot, denoted as 𝐾 = {𝑘1 , 𝑘2 , … , 𝑘𝑠 }.
For each GC 𝑖 ∈ 𝐼, it is assumed to move dynamically and its
coordinate in time slot 𝑘 is defined as 𝑢𝑖𝑘 = (𝑠𝑖𝑘 , 𝑡𝑖𝑘 , 0), and has a total
amount of 𝑐𝑖 task required to be completed. For each UAV 𝑗 ∈ 𝐽 , its
coordinate in time slot 𝑘 is defined as 𝑞𝑗𝑘 = (𝑠𝑗𝑘 , 𝑡𝑗𝑘 , 𝐻), where 𝐻
is the flight altitude of UAV. We define 𝑣𝑚𝑎𝑥 as the maximum flight
speed of UAVs, where the position of each UAV between two adjacent
slots cannot exceed 𝑣𝑚𝑎𝑥 . Each UAV 𝑗 contains a communication range
𝑅𝑗 and only serves GC 𝑖 within the communication range 𝑅𝑗 . The
location of BS 𝐵𝑏 = (𝑠𝑏 , 𝑡𝑏 , 0) is set in the center of the system, and
the computation capability of BS is larger than those of UAVs and GCs.
There are mainly three ways for GC 𝑖 to process its task.

Besides, some video-segmentation works divide a video into several
images by frames. Song et al. [25] proposed a video-segmentation
model that divided the whole video into several small images by
frames. Each frame is processed separately to shorten the total processing time of the video. Liu et al. [26] proposed an online semisupervised video segmentation approach named GCseg to deal with
video-processing tasks in a short time. The GCseg contained a cosegmentation module to divide the video into several small images
by frames and then process these images simultaneously. Quellec
et al. [27] presented a solution to automatically categorize surgical
tasks in real-time during the surgery using video recording. It used
video segmentation to divide video into several images and analyzed
the current surgery by comparing archived images. The solution could
provide valuable recommendations to less experienced surgeons.
3
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Table 1
Key parameter definitions.
Parameter

Definition

𝐼

Set of GCs

𝐽

Set of UAVs

𝐾

Set of time slots

𝑖

Single GC

𝑗

Single UAV

𝑏

BS

𝑘

Single time slot

𝑢𝑖𝑘

Location of GC 𝑖 in slot 𝑘

𝑞𝑗𝑘

Location of UAV 𝑗 in slot 𝑘

𝑙𝑜𝑐
𝑐𝑖𝑘

Local computation rate for GC 𝑖 in slot 𝑘

𝐵𝑆
𝑐𝑖𝑘

Transmission rate for GC 𝑖 to the BS in slot 𝑘

𝑈 𝐴𝑉
𝑐𝑖𝑗𝑘

Transmission rate for GC 𝑖 to UAV 𝑗 in slot 𝑘

𝑥𝑈𝑖𝑗𝑘𝐴𝑉

Time portion for UAV 𝑗 to serve GC 𝑖 in slot 𝑘

We define a time portion set 𝑦 representing the portion of time that
GCs offloaded the task to the BS, and variable 𝑦𝐵𝑆
∈ 𝑦 is ranging from
𝑖𝑏𝑘
[0, 1], denoting the time portion that GC 𝑖 offloads the task to the BS in
slot 𝑘.
𝐵𝑆 of GC 𝑖 in slot 𝑘 can be defined as:
The BS-offloading amount 𝐷𝑖𝑏𝑘
𝐵𝑆 = 𝑦𝐵𝑆 ⋅ 𝑐 𝐵𝑆 ⋅ 𝛥𝑡
𝐷𝑖𝑏𝑘
𝑖𝑏𝑘
𝑖𝑏𝑘

We ignore the computation time of BS, i.e.,
does not take
the computation capability into consideration. The reason is that the
computation capability of BS is much larger than that of UAVs and
GCs, causing the result that computation time of BS is very short.
Therefore, the processing time of BS is mainly affected by transmission
time between the BS and GCs.

𝑦𝐵𝑆
𝑖𝑏𝑘

Time portion for BS 𝑏 to serve GC 𝑖 in slot 𝑘

𝑧𝑙𝑜𝑐
𝑖𝑘

Time portion for GC 𝑖 to compute locally in slot 𝑘

𝑙𝑜𝑐
𝐷𝑖𝑘

Local computation amount of GC 𝑖 in slot 𝑘

𝐵𝑆
𝐷𝑖𝑏𝑘

BS-offloading amount of GC 𝑖 in slot 𝑘

𝑈 𝐴𝑉
𝐷𝑖𝑗𝑘

UAV-offloading amount from GC 𝑖 to UAV 𝑗 in slot 𝑘

𝑅𝑗

Communication range for UAV 𝑗

𝑐𝑖

Total task amount for GC 𝑖

𝑣𝑚𝑎𝑥

Maximum flight distance of each UAV

𝑑𝑖𝑠𝑚𝑖𝑛

Safety flight distance between neighbor UAVs

3.1.3. Local computing
𝑙𝑜𝑐 , when GC
The computation capability of GC 𝑖 ∈ 𝐼 is defined as 𝑐𝑖𝑘
𝑖 processes tasks by itself. Similar to previous subsections, we define a
time portion set 𝑧 representing the portion of time that GCs that process
tasks by themselves, and variable 𝑧𝑙𝑜𝑐
∈ 𝑧 ranges from [0, 1], denoting
𝑖𝑘
the time portion that GC 𝑖 process tasks in local at slot 𝑘.
𝑙𝑜𝑐 of GC 𝑖 in slot 𝑘 is defined
Thus, the local computation amount 𝐷𝑖𝑘
as:
𝑙𝑜𝑐 = 𝑧𝑙𝑜𝑐 ⋅ 𝑐 𝑙𝑜𝑐 ⋅ 𝛥𝑡
𝐷𝑖𝑘
𝑖𝑘
𝑖𝑘

𝛽0
‖𝑞𝑗𝑘 −𝑢𝑖𝑘 ‖22 +𝐻 2

(1)

where 𝛽0 is the received power in reference distance (e.g., 1 m) between
transmitter and receiver. ‖.‖ denotes the L2 norm.
𝑈 𝐴𝑉
The transmission rate between GC 𝑖 and UAV 𝑗 is defined as 𝑐𝑖𝑗𝑘
when GC 𝑖 offloads tasks to UAV 𝑗, whose value is:
𝑈 𝐴𝑉 = 𝐵 ⋅ 𝑙𝑜𝑔 (1 +
𝑐𝑖𝑗𝑘
2

𝑃 ⋅ℎ𝑖𝑗𝑘
𝜎2

)

3.2. Problem formulation

(2)

In this section, constraints on GCs, UAVs, and the BS in UAV-aided
edge computing systems are first introduced, and then the TDTAP
problem is proposed.

where 𝑃 is the constant transmit power of GC 𝑖. 𝜎 2 is the Gaussian noise
in the environment.
We define a time portion set 𝑥 representing the portion of time that
𝐴𝑉 ∈ 𝑥 is ranging from
GCs offloaded the task to UAV, and variable 𝑥𝑈
𝑖𝑗𝑘
[0, 1], denoting that when GC 𝑖 offloads the task to UAV 𝑗 in slot 𝑘.
𝑈 𝐴𝑉 from GC 𝑖 to UAV 𝑗 in slot
Hence the UAV-offloading amount 𝐷𝑖𝑗𝑘
𝑘 is:
𝑈 𝐴𝑉 = 𝑥𝑈 𝐴𝑉 ⋅ 𝑐 𝑈 𝐴𝑉 ⋅ 𝛥𝑡
𝐷𝑖𝑗𝑘
𝑖𝑗𝑘
𝑖𝑗𝑘

Definition 1 (Slot Allocation Constraints). The slot allocation constraints
explain the relationship of time slot allocation among UAVs, the BS, and
GCs, which limit the computation time for each device.
First, for each UAV, the constraint is written in Eq. (C1):

(3)

∑𝑚

We do not consider the computation capability of UAVs, that is
because, the computation capability of a UAV is usually larger than
its transmission rate. For instance, NVIDIA has developed the Jetson
TX2 chip. This chip can work out an average of 225 figures per second
[17] and has been widely used in UAVs. Besides, the transmission rate
of UAV is more valuable, for UAVs are usually dispatched in locations
that are far from the BS but with plenty of GCs around. On this basis, we
𝑈 𝐴𝑉
mainly consider the transmission rate of UAVs in this work, i.e., 𝐷𝑖𝑗𝑘
does not contain the computation capability of UAV.

𝑖=1

𝛽0
‖𝐵𝑏 −𝑢𝑖𝑘 ‖22 +𝐻 2

𝐵𝑆 = 𝐵 ⋅ 𝑙𝑜𝑔 (1 +
𝑐𝑖𝑏𝑘
2

𝑃 ⋅ℎ𝑖𝑏𝑘
)
𝜎2

(C1)

where at each time slot 𝑘 ∈ 𝐾 for BS 𝑏, the total time portion allocated
by BS 𝑏 to process all GCs’ tasks cannot exceed the length of a single
time slot.
Finally, for each GC 𝑖, according to the assumption that GCs cannot
compute and offload the tasks simultaneously, the constraint is written
in Eq. (C3)
∑𝑛
𝑈 𝐴𝑉
𝐵𝑆
𝑙𝑜𝑐
(C3)
𝑗=1 𝑥𝑖𝑗𝑘 + 𝑦𝑖𝑏𝑘 + 𝑧𝑖𝑘 ≤ 1

(4)

The transmission rate between GC 𝑖 and BS 𝑏 is defined as
whose value is:

𝐴𝑉 ≤ 1
𝑥𝑈
𝑖𝑗𝑘

where for each UAV 𝑗 at time slot 𝑘 ∈ 𝐾, the total time portion
allocated by UAV 𝑗 to process all GCs’ tasks cannot exceed the length
of a single slot.
Second, for each BS, the constraint is written in Eq. (C2):
∑𝑚 𝐵𝑆
(C2)
𝑖=1 𝑦𝑖𝑏𝑘 ≤ 1

3.1.2. Offloading to BS
Similar to previous subsection, the channel gain ℎ𝑖𝑏𝑘 between BS 𝑏
and GC 𝑖 in slot 𝑘 is defined as:
ℎ𝑖𝑏𝑘 =

(7)

𝑙𝑜𝑐 is the computation capability for GCs to compute the task
where 𝑐𝑖𝑘
locally.
Different from UAVs and the BS, each GC has to pre-process the
recorded videos before offloading them to UAVs and the BS. For
instance, in our scenario, each GC has to divide a recorded video
into several small pieces by frames, this procedure may cost much
time [26,27]. Therefore, when GCs offload a task to UAVs or the BS,
the communication module of GCs uploads their tasks to UAVs or the
BS, and the computation module has to divide the upcoming video into
several small videos. To this end, GCs do not have time to compute
locally while offloading tasks to UAVs or the BS.
Overall, we conclude all the parameters in Table 1.

3.1.1. Offloading to UAV
The channel gain ℎ𝑖𝑗𝑘 between UAV 𝑗 and GC 𝑖 in slot 𝑘 is defined
as:
ℎ𝑖𝑗𝑘 =

(6)
𝐵𝑆
𝐷𝑖𝑏𝑘

𝐵𝑆 ,
𝑐𝑖𝑏𝑘

where at each time slot 𝑘 ∈ 𝐾 for each GC 𝑖, the total time portion
allocated from all UAVs, BS 𝑏, and GC itself to process GC 𝑖’s tasks
cannot exceed the length of a single slot.

(5)
4
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Definition 2 (UAV’s Trajectory Constraints). The UAV’s trajectory constraints illustrate the flight state of each UAV, which limit the maximum
flight speed, communication range, and safety distance.

4.1. Online algorithm MUTAA
Different from algorithms that design UAVs’ trajectories at each
time slot, MUTAA uses preschedule steps to find reasonable locations
of UAVs (satisfying constraint (C4)∼(C6)) in the next 𝑠𝑡𝑒𝑝 (𝑠𝑡𝑒𝑝 > 1)
time slots for each iteration.
The advantage of using the preschedule step is that it can improve
the task process amount of GCs while shortening the total flight distance of UAVs simultaneously. Since the preschedule step considers
several time slots instead of a single slot, it could shorten the total flight
length for UAVs by preventing them from flying back and forth.
The pseudo-code for MUTAA is shown in Algorithm 1.

First, at each time slot 𝛥𝑡, a maximum speed of each UAV 𝑗 cannot
surpass 𝑣𝑚𝑎𝑥 , shown in (C4):
‖𝑞𝑗(𝑘+1) − 𝑞𝑗𝑘 ‖ ≤ 𝑣𝑚𝑎𝑥 ⋅ 𝛥𝑡,

(C4)

where 𝑞𝑗𝑘 represents the position of UAV 𝑗 at time slot 𝑘.
Second, at each time slot 𝑘 ∈ 𝐾, if GC 𝑖 offloads tasks to UAV 𝑗, the
distance between GC 𝑖 and UAV 𝑗 cannot exceed the communication
range of UAV 𝑅𝑗 , shown in (C5):
𝐴𝑉 ⋅ ‖𝑞 − 𝑢 ‖ ≤ 𝑅 ,
𝑥𝑈
𝑗𝑘
𝑖𝑘
𝑗
𝑖𝑗𝑘

(C5)

Algorithm 1: MUTAA (𝑈 , 𝑅, 𝐾)

Third, at each time slot 𝑘 ∈ 𝐾, each UAV 𝑗 should keep a distance
from other UAVs for safety. We assume {𝑎, 𝑏} ∈ 𝐽 are two different
UAVs, shown in (C6):
‖𝑞𝑎𝑘 − 𝑞𝑏𝑘 ‖ ≥ 𝑑𝑖𝑠𝑚𝑖𝑛 ,

(C6)

Definition 3 (Maximum Amount Constraints). The Maximum amount
constraints describe the maximum task processing amount of GC 𝑖 ∈ 𝐼,
which restricts the total task processing amount of each G, that is
∑𝑛 ∑𝑠
∑𝑠
∑𝑠
𝑈 𝐴𝑉
𝐵𝑆
𝑙𝑜𝑐
(C7)
𝑗=1
𝑘=1 𝐷𝑖𝑗𝑘 +
𝑘=1 𝐷𝑖𝑏𝑘 +
𝑘=1 𝐷𝑖𝑘 ≤ 𝑐𝑖 .

1
2
3
4
5

where the total amount of tasks computed by UAVs, the BS, and GCs
cannot exceed the maximum task amount of GC 𝑖.

6

7

According to above definitions, the total task processing amount
𝐷𝑠𝑢𝑚 of GC 𝑖 at period 𝑇 is
∑ ∑𝑛 ∑𝑠
𝑈 𝐴𝑉
𝐷𝑠𝑢𝑚 = 𝑚
𝑖=1
𝑗=1
𝑘=1 𝐷𝑖𝑗𝑘
∑𝑚 ∑𝑠
𝐵𝑆
(8)
+ 𝑖=1 𝑘=1 𝐷𝑖𝑏𝑘
∑𝑚 ∑𝑠
𝑙𝑜𝑐
+ 𝑖=1 𝑘=1 𝐷𝑖𝑘

8

Algorithm 1 iterates each time slot 𝑘 ∈ 𝐾, collects the current information (including UAVs’ current locations and residual tasks’ amount
for GCs), and utilizes the trajectory design algorithm (Algorithm 2) to
optimize the trajectory of each UAV. Then, a task allocation algorithm
(Algorithm 3) is proposed to offload GCs’ tasks to UAV-aided edge
nodes or the centralized BS. The MUTAA executes Algorithm 2 and
Algorithm 3 iteratively until 𝑘 = 𝑇 ∕𝛥𝑡.

We define the trajectory design and task allocation problem (TDTAP) as follows:
Definition 4 (TDTAP Problem). Given 𝐼 GCs, 𝐽 UAV-aided edge computing nodes, and a BS, the TDTAP problem is proposed for optimizing
the trajectory of each UAV and scheduling task allocation of each
GC to maximize the total task processing amount of GCs in period 𝑇
(Eq. (C5)). Meanwhile, the problem needs to satisfy the slot allocation
constraints Eqs. (C1)–(C3), UAV trajectory constraints Eqs. (C4)–(C6), and
maximum amount constraints Eq. (C7).

4.2. Trajectory design algorithm
In this subsection, we propose a trajectory design algorithm named
TDA for each UAV 𝑗 between time slot 𝑘 and 𝑘 + 𝑠𝑡𝑒𝑝 − 1.
Detailed pseudo-code is given in Algorithm 2:
Before introducing Algorithm 2, we first proposed a concept of
residual transmission rate, defined as follows.

The TDTAP problem is consequently written in P1:
(𝑃 1) ∶

max

𝑈 𝐴𝑉 ,𝑞
𝑥,𝑦,𝑧,𝑐𝑖𝑗𝑘

s.t.

𝐷𝑠𝑢𝑚

(C1) − (C7)

Input: Initial location 𝐼𝑖 of GCs 𝑖
Communication range 𝑅𝑗 of UAV 𝑗
Total task amount 𝑐𝑖 of GC 𝑖
Prescheduled steps for each iteration 𝑠𝑡𝑒𝑝
Output: Trajectory for each UAV 𝑞
Task allocation variable 𝑥, 𝑦, 𝑧
Total task processing amount 𝑑𝑎𝑡𝑎
Initialize trajectory 𝑞 and task allocation variables 𝑥, 𝑦, 𝑧
𝑡𝑎𝑠𝑘 = 𝑐;
while 𝑘 ⋅ 𝛥𝑡 ≤ 𝑇 do
Update GCs’ location 𝑢𝑖𝑘
Using algorithm 2 to optimize UAVs’ trajectories 𝑞
Using algorithm 3 to calculate the total task processing
amount 𝑑𝑎𝑡𝑎 and corresponding variables 𝑥, 𝑦, 𝑧.
𝑘 = 𝑘 + 𝑠𝑡𝑒𝑝
end

(9)

Definition 5 (Residual Transmission Rate). The residual transmission
rate is a parameter that assists each UAV in finding proper GCs with
𝑈 𝐴𝑉 ⋅
maximum transmission rate and residual GCs’ tasks, denoted as 𝐶𝑖𝑗𝑘
𝑡𝑎𝑠𝑘𝑖 .

(10)

Mathematic tools cannot solve the problem above since trajectory
𝑈 𝐴𝑉 are unknown. Thus, we propose
variable 𝑞 and transmission rate 𝑐𝑖𝑗𝑘
an online algorithm to solve the problem in the following section.

Since residual task amount 𝑡𝑎𝑠𝑘𝑖 is dynamically changed in each
time slot, e.g., when UAV serves GC 𝑖 in slot 𝑡, value of 𝑡𝑎𝑠𝑘𝑖 and
𝑈 𝐴𝑉 ⋅ 𝑡𝑎𝑠𝑘 will be smaller, leading to the fact that UAV will find
𝑐𝑖𝑗𝑘
𝑖
𝑈 𝐴𝑉 ⋅ 𝑡𝑎𝑠𝑘 .
another user with higher 𝑐𝑖𝑗𝑘
𝑖
The basic idea of Algorithm 2 is pre-scheduling UAVs’ trajectory
between time slot 𝑘 and 𝑘 + 𝑠𝑡𝑒𝑝 − 1 while satisfying the constraints
of UAV’s maximum flight speed (C4), UAV maximum communication
range (C5), and safety flight distance between two neighboring UAVs
(C6) proposed in Section 3.2. Then, the algorithm adjusts UAVs’ trajectories calculated in the step above to shorten the total flight distance
of UAVs.
Specifically, Algorithm 2 first finds candidate locations of UAVs
from GCs’ location 𝑢 that satisfies maximum speed constraint (C4)

4. Online algorithms to solve TDTAP
In this section, we propound an online algorithm, MUTAA (Section 4.1), to solve the TDTAP problem by jointly optimizing UAVs’
trajectory and scheduling GCs’ tasks. MUTAA is an iterative algorithm
with two steps in each iteration: Section 4.2 optimizes UAV’s trajectory
by algorithm TDA and Section 4.3 schedules GCs’ tasks by algorithm
TAS. MUTAA iterates in all slots in set 𝐾, where algorithm TDA and
TAS run alternatively to achieve the final results.
5
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𝐴𝑉
𝐵𝑆 𝑙𝑜𝑐
𝑥𝑈
𝑖𝑗𝑘 , 𝑦𝑖𝑏𝑘 , 𝑧𝑖𝑘 ≥ 0

Algorithm 2: TDA (𝑈 , 𝑅, 𝐾)

1
2
3
4
5

6
7
8
9
10
11
12
13
14
15

(13)

Input: Initial location of GCs 𝑢𝑖𝑘
Communication range of UAV 𝑅𝑗
Current time slot 𝑘
Residual task amount 𝑡𝑎𝑠𝑘
Initial location for UAVs 𝑞𝑖1
Output: UAVs’ trajectory 𝑞
𝑇 𝑒𝑚𝑝 = 0
for 𝑗 ∈ 𝐽 do
for st=1 to step do
𝐶𝑎𝑛𝑑 = {𝑢𝑖𝑘 | 𝑑𝑖𝑠(𝑢𝑖𝑘 , 𝑞𝑗𝑘 ) ≤ 𝑣𝑚𝑎𝑥 }, 𝑖 ∈ 𝐼
Delete 𝑖 ∈ 𝐶𝑎𝑛𝑑 that does not satisfy the safety-distance
constraint (C6);
for 𝑗 ′ ∈ 𝐶𝑎𝑛𝑑 do
𝑠𝑒𝑟𝑣𝑒𝑑 = {𝑢𝑖𝑘 | 𝑑𝑖𝑠(𝑢𝑖𝑘 , 𝐶𝑎𝑛𝑑𝑗 ′ ) ≤ 𝑅𝑗 ′ }, 𝑖 ∈ 𝐼
Calculate the corresponding transmission rate 𝑐𝑖𝑗𝑈′𝐴𝑉
.
𝑘

Offline algorithms cannot solve the problem (P2) directly because
UAVs are unable to obtain GC’s location and their task amount until
they fly close and get connections with them. Thus, an online algorithm
must be proposed.
𝑈 𝐴𝑉 ∪ 𝑐 𝐵𝑆 ∪ 𝑐 𝑙𝑜𝑐 ,
To better illustrate our algorithm, we define 𝑐𝑖ℎ𝑘 = 𝑐𝑖𝑗𝑘
𝑖𝑏𝑘
𝑖𝑘
where ℎ = {0, [1, 𝑛], 𝑛 + 1} means all devices including GC itself, UAVs,
and the BS, specifically:

end
𝑗 ∗ = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑐𝑖𝑗 ∗ 𝑘 ⋅ 𝑡𝑎𝑠𝑘𝑖 ), 𝑖 ∈ 𝑠𝑒𝑟𝑣𝑒𝑑, 𝑗 ∗ ∈ 𝐶𝑎𝑛𝑑
𝑡𝑒𝑚𝑝𝑗(𝑘+𝑠𝑡−1) = 𝐶𝑎𝑛𝑑𝑗 ∗
end
Adjust 𝑡𝑒𝑚𝑝𝑗(𝑘+𝑠𝑡−1) in order to shorten the flight length
𝑞𝑗 = 𝑞𝑗 ∪ {𝑡𝑒𝑚𝑝𝑗𝑘 , ..., 𝑡𝑒𝑚𝑝𝑗(𝑘−1+𝑠𝑡) };
end

𝑥𝑖ℎ𝑘

𝑐𝑖ℎ𝑘

𝑙𝑜𝑐
,
⎧ 𝑐𝑖𝑘
⎪ 𝑈 𝐴𝑉
𝑐
= ⎨ 𝑖𝑗𝑘 ,
⎪ 𝐵𝑆
⎩ 𝑐𝑖𝑏𝑘 ,

⎧ 𝑥𝑙𝑜𝑐
𝑖𝑘 ,
⎪ 𝑈 𝐴𝑉
= ⎨𝑥𝑖𝑗𝑘 ,
⎪ 𝐵𝑆
⎩ 𝑥𝑖𝑏𝑘 ,

𝛼,𝛽,𝛾

ℎ = [1, 𝑛],

(15)

ℎ = 𝑛 + 1.

𝑚
∑

𝑐𝑖 𝛼𝑖 +

𝑠
𝑛 ∑
∑

𝛽𝑗𝑘 +

𝑘=1

𝑗=1 𝑘=1

𝑖=1

𝑠
∑

𝛾𝑘 +

𝑠
𝐼 ∑
∑

𝜎𝑖𝑘

(16)

𝑖=1 𝑘=1

𝑈 𝐴𝑉
𝑈 𝐴𝑉
s.t. 𝑐𝑖𝑗𝑘
⋅ 𝛼𝑖 + 𝛽𝑗𝑘 + 𝜎𝑖𝑘 ≥ 𝑐𝑖𝑗𝑘

(17)

𝐵𝑆
𝐵𝑆
𝑐𝑖𝑏𝑘
⋅ 𝛼𝑖 + 𝛾𝑘 + 𝜎𝑖𝑘 ≥ 𝑐𝑖𝑏𝑘
𝑙𝑜𝑐
𝑙𝑜𝑐
𝑐𝑖𝑘
⋅ 𝛼𝑖 + 𝜎𝑖𝑘 ≥ 𝑐𝑖𝑘

(18)

𝛼, 𝛽, 𝛾 ≥ 0

(20)

(19)

The basic idea of TAS is described as follows: GCs prefer to offload
their tasks to nearby UAVs, and UAVs process tasks from the GC with
a maximum residual transmission rate. Then, GCs that are not served
by UAVs choose to offload their tasks to the BS when the transmission
rate between GCs and the BS is larger than the computation rate of the
GC itself. Otherwise, GCs process the task locally.
In particular, each UAV 𝑗 serves the GC 𝑖 that has a maximum
𝑈 𝐴𝑉 data to the GC
residual transmission rate and delivers the total 𝑐𝑖𝑗𝑘
𝑖 (line 5 to line 9). UAVs select the served GCs in the current slot 𝑘,
and the rest GCs offload tasks to the BS or directly complete them
(line 12 to line 23). The algorithm 𝑇 𝐴𝑆 compares the task processing
amount in the local computing of the rest GCs with the transmission
rate between the BS and GCs. If the transmission rate is larger than the
local computing rate, GC 𝑖 offloads tasks to the BS (line 13 to line 17);
otherwise, GC 𝑖 directly computes the charges (line 18-line 22).
Finally, for each GC 𝑖 ∈ 𝐼, when device 𝑗 (including UAVs, the
BS or GC itself)
obtains∑ 𝑐𝑖𝑗𝑘 task from GC 𝑖, 𝛼𝑖 will be updated as
∑

Lemma 1. For each UAV 𝑗 ∈ 𝐽 , the time complexity of TDA is 𝑂(𝑚2 ) step.
Proof. We analyze the time complexity for each UAV 𝑗 ∈ 𝐽 , for TDA
runs in parallel for each UAV.
First, algorithm TDA first iterates steps 𝑠𝑡 ∈ [1, 𝑠𝑡𝑒𝑝] to work out the
candidate locations for UAV 𝑐𝑎𝑛𝑑𝑗 (line 3 to line 12), time complexity
of this loop is 𝑂(𝑠𝑡𝑒𝑝). Second, In lines 4 and line 5, TDA retrieves the
locations of all GCs to find the initial candidate set 𝐶𝑎𝑛𝑑 and deletes
GCs that do not satisfy the constraint (C6), and the time complexity of
this step is 𝑂(𝑚). Then, from line 6 to line 10, TDA iterates each element
in setting Cand to calculate the corresponding transmission rate 𝑐𝑖𝑗𝑈′𝐴𝑉
𝑘
and select GC 𝑖 with the maximum residual rate (line 10). The time
complexity of this step is 𝑂(𝑚). Finally, algorithm TDA sorts the set
𝑡𝑒𝑚𝑝 and outputs the final trajectory for UAV 𝑗. The time complexity
for this step is 𝑂(𝑚 ⋅ 𝑙𝑜𝑔2 𝑚).
Overall, for each UAV 𝑗 ∈ 𝐽 , time complexity of TDA is 𝑂(𝑠𝑡𝑒𝑝 ⋅ (𝑚 +
𝑚) + 𝑚 ⋅ 𝑙𝑔𝑚), which is 𝑂(𝑚2 ). ■

𝛼𝑖 = 𝛼𝑖 (1 +

𝑗↔𝑖 𝑐𝑖𝑗𝑘

𝑐𝑖

)+

𝑗↔𝑖 𝑐𝑖𝑗𝑘

(𝑑−1)𝑐𝑖

, where 𝑗 ↔ 𝑖 indicates UAV 𝑗 serves

GC 𝑖 at current slot (line 26). Here 𝑑 is a value used in the calculation,
and we define this value in Lemma 1.
In Algorithm 3, variable 𝛽𝑗𝑘 , 𝛾𝑘 , 𝜎𝑖𝑘 only updates at each time slot 𝑘,
but variable 𝛼𝑖 probably updates in many different time slots. We note
that dual variable 𝛼 representing completing ratio of task 𝑖 satisfies the
condition of 𝛼𝑖 ≤ 1.

4.3. Task allocation strategy
After using the trajectory design algorithm proposed in Section 4.2,
UAVs’ trajectory 𝑞𝑗𝑘 in slot 𝑘 can be calculated. We now focus on the
(P2) problem. (P2) is the subproblem of TDTAP, aiming at maximize
the task completion rate of all GCs, under the slot allocation constraints
(Eqs. (C1) (C2) (C3)) and the maximum amount constraints (Eq. (C7)).

s.t. (C1) (C2) (C3) (C7)

ℎ = 0,

Referring to related work [22,31], we apply the primal–dual technology to solve the problem (P2), where the dual problem of (P2)
can be transferred as (D2) and 𝛼, 𝛽, 𝛾, and 𝜎 are corresponding dual
variables to constraint (C1)∼(C3) and (C7) in problem (P2). We propose
a competitive online algorithm TAS in Algorithm 3.

(line 4) and saves in the candidate set 𝐶𝑎𝑛𝑑. Then, all the locations
𝑢𝑖𝑘 in set 𝑐𝑎𝑛𝑑 are checked, and some that do not obey the safety
distance constraint (C6) are deleted from 𝐶𝑎𝑛𝑑. Afterward, Algorithm
2 retrieves all UAVs’ candidate locations 𝑗 ′ in set 𝐶𝑎𝑛𝑑 and selects one
with maximum residual transmission rate to GCs (line 6 to line 10). The
selected UAVs’ location at the current slot 𝑘 + 𝑠𝑡 − 1 is then saved in set
𝑡𝑒𝑚𝑝 as the candidate UAV’s trajectory (line 11). When all preschedule
steps end, UAVs’ locations 𝑡𝑒𝑚𝑝 are modified to shorten the total flight
distance of each UAV by resorting to locations in set 𝑡𝑒𝑚𝑝.

𝑥,𝑦,𝑧

(14)

ℎ = 𝑛 + 1.

𝐴𝑉 ∪ 𝑥𝐵𝑆 ∪ 𝑥𝑙𝑜𝑐 , which is written
Similar to 𝑐𝑖ℎ𝑘 , we define 𝑥𝑖ℎ𝑘 = 𝑥𝑈
𝑖𝑗𝑘
𝑖𝑏𝑘
𝑖𝑘
in Eq. (15).

(𝐷2) ∶ min

(𝑃 2) ∶ max 𝐷𝑠𝑢𝑚

ℎ = 0,
ℎ = [1, 𝑛].

Lemma 2. To meet 𝛼𝑖 ≤ 1, value of 𝑑 should be set as 𝑑 = (1 +
where 𝑐𝑚𝑖𝑛 = 𝑚𝑖𝑛 𝑐𝑖 .

1 𝑐𝑚𝑖𝑛
) ,
𝑐𝑚𝑖𝑛

(11)

Proof. We define variable 𝛼𝑖𝑘 as the value of 𝛼𝑖 in slot 𝑘, written in
detail as:

(12)

𝛼𝑖𝑘 = 𝛼𝑖𝑘−1 (1 +
6

∑

∑

ℎ↔𝑖 𝑐𝑖ℎ𝑘

𝑐𝑖

)+

ℎ↔𝑖 𝑐𝑖ℎ𝑘
(𝑑−1)𝑐𝑖

(21)
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The optimal solution of Algorithm 3 is represented as 𝑜𝑝𝑡.
Based on weak duality theory in operational research [31], the maximum value of primal solution 𝑃𝑠𝑜𝑙 cannot exceed the optimal solution
𝑜𝑝𝑡 and minimum value of dual solution 𝐷𝑠𝑜𝑙 cannot be lower than
optimal solution 𝑜𝑝𝑡. Thus, the relationship between primal solution
𝑃𝑠𝑜𝑙 , optimal solution 𝑜𝑝𝑡 and dual solution 𝐷𝑠𝑜𝑙 is written in Eq. (26).

Algorithm 3: TAS (𝑈 , 𝑅, 𝐾)
Input: Transmission rate of UAV

𝑈 𝐴𝑉
𝑐𝑖𝑗𝑘

𝐵𝑆
Transmission rate of BS 𝑐𝑖𝑗𝑘

1

𝑙𝑜𝑐
Computation rate of GC 𝑐𝑖𝑘
Data amount for each GC 𝑐𝑖
Current slot 𝑘 ∈ 𝐾
Output: variable 𝑥, 𝑦, 𝑧,𝛼, 𝛽, 𝛾
Total throughput 𝑑𝑎𝑡𝑎
𝑐𝑚𝑖𝑛 = 𝑚𝑖𝑛𝑖 𝑐𝑖
1

𝑃𝑠𝑜𝑙 ≤ 𝑜𝑝𝑡 ≤ 𝐷𝑠𝑜𝑙
The approximate ratio 𝜔 is then written as:

)𝑐𝑚𝑖𝑛

2

ℎ = (1 +

3

𝑥 = 0, 𝑦 = 0, 𝑧 = 0, 𝛼 = 0, 𝛽 = 0, 𝛾 = 0
𝑠=∅
for 𝑗 ∈ 𝐽 do
𝐴𝑉 (1 − 𝛼 ))
𝑖∗ = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖∈𝐼 (𝑐𝑖𝑈∗ 𝑗𝑘
𝑖∗

4
5
6

8

𝑈 𝐴𝑉
𝑑𝑎𝑡𝑎 = 𝑑𝑎𝑡𝑎 + 𝑐𝑖∗𝑗𝑘

10

12

14
15
16
17
18
19
20

24
25

𝑑𝑎𝑡𝑎 =

𝑥𝑖ℎ𝑘 =

28

∑𝑠

𝑗=1 [𝛥(

𝑘=1 𝛽𝑗𝑘 )]

the growth of

=

∑𝑛

𝑘=1 𝛾𝑘

from time slots 𝑘 − 1 to 𝑘 is:

∑
𝛥( 𝑠𝑘=1 𝜎𝑖𝑘 ) = 𝜎𝑖𝑘

(31)

(32)

Based on Eqs. (29) to (32), the value of 𝛥𝐷 is:

∑

𝑐

(29)

(30)

𝑗=1 𝛽𝑗𝑘

∑𝑠

∑
𝛥( 𝑠𝑘=1 𝛾𝑘 ) = 𝛾𝑘
∑ ∑
the growth of 𝐼𝑖=1 𝑠𝑘=1 𝜎𝑖𝑘 from time slots 𝑘 − 1 to 𝑘 is:

𝑐

ℎ↔𝑖 𝑖ℎ𝑘
𝛼𝑖 = 𝛼𝑖 (1 + ℎ↔𝑖𝑐 𝑖ℎ𝑘 ) + (𝑑−1)𝑐
𝑖
𝑖
∑
∑
if ℎ↔𝑖 𝑘 𝑐𝑖ℎ𝑘 > 𝑐𝑖 then

27

29

∑𝑛

𝑑𝑎𝑡𝑎 + 𝑐𝑖𝑙𝑜𝑐
′𝑘

end
end
for each 𝑖 ∈ 𝐼 do
∑

26

30

𝑐𝑖 ⋅ 𝛥𝛼𝑖 = 𝑐𝑖 ⋅ (𝛼𝑖𝑘 − 𝛼𝑖(𝑘−1) )
∑ ∑
the growth of 𝑛𝑗=1 𝑠𝑘=1 𝛽𝑗𝑘 from time slots 𝑘 − 1 to 𝑘 is:

𝜎𝑖′ 𝑘 = 𝑐𝑖𝑙𝑜𝑐
′ 𝑘 (1 − 𝛼𝑖 )

22
23

(27)

Meanwhile, based on Eq. (16) (object function of (D2)), we analyze
the growth of 𝛥𝐷 by each variable. Specifically, for each GC i, the
∑
growth of 𝑚
𝑖=1 𝑐𝑖 𝛼𝑖 from time slots 𝑘 − 1 to 𝑘 is:

end
𝑆 = 𝑆 ∪ {𝑖∗ }, 𝐼 ′ = 𝐼∕{𝑖∗ }
end
for each 𝑖′ ∈ 𝐼 ′ do
𝑙𝑜𝑐
if 𝑐𝑖𝐵𝑆
′ 𝑏𝑘 > 𝑐𝑖𝑘 then
𝑦𝑖′ 𝑏𝑘 = 1
𝑙𝑜𝑐
𝛾𝑘 = (𝑐𝑖𝐵𝑆
∗ 𝑏𝑘 − 𝑐𝑖𝑘 )(1 − 𝛼𝑖∗ )
𝑑𝑎𝑡𝑎 = 𝑑𝑎𝑡𝑎 + 𝑐𝑖𝐵𝑆
∗ 𝑏𝑘
else
𝑧𝑙𝑜𝑐
=1
𝑖′ 𝑘

21

𝐷
𝑜𝑝𝑡
𝛥𝐷
≤ 𝑠𝑜𝑙 =
𝑃𝑠𝑜𝑙
𝑃𝑠𝑜𝑙
𝛥𝑃

where 𝛥𝐷 and 𝛥𝑃 are increment of 𝐷𝑠𝑜𝑙 and 𝑃𝑠𝑜𝑙 for GC 𝑖 between two
to
neighboring time slot 𝑘 − 1 and 𝑘 in Algorithm 3. We use ratio 𝛥𝐷
𝛥𝑃
illustrate the upper bound of competitive ratio 𝜔.
When GC 𝑖 selects device ℎ to process its tasks at slot 𝑘, variable
𝑥𝑖ℎ𝑘 is increased from 0 to 1. Based on Eq. (11), the value of 𝛥𝑃 is:
∑
∑
𝛥𝑃 = ℎ↔𝑖 𝑐𝑖ℎ𝑘 𝑥𝑖ℎ𝑘 = 𝑗↔𝑖 𝑐𝑖ℎ𝑘
(28)

𝑈 𝐴𝑉 − 𝑐 𝑙𝑜𝑐 )(1 − 𝛼 )
𝛽𝑗𝑘 = (𝑐𝑖∗𝑗𝑘
𝑖∗
𝑖𝑘

9

13

𝜔=

𝐴𝑉 (1 − 𝛼 ) > 0 and 𝑐 𝑈 𝐴𝑉 > 𝑚𝑎𝑥(𝑐 𝐵𝑆 , 𝑐 𝑙𝑜𝑐 )) then
if (𝑐𝑖𝑈∗ 𝑗𝑘
𝑖
𝑖∗ 𝑗𝑘
𝑖∗ 𝑏𝑘 𝑖𝑘
𝐴𝑉 = 1
𝑥𝑈
𝑖∗ 𝑗𝑘

7

11

𝑐𝑚𝑖𝑛

(26)

𝛥𝐷 =

∑
∑
𝑐𝑖 − ℎ↔𝑖 𝐾−1
𝑘=1 𝑐𝑖ℎ𝑘
∑
𝑗↔𝑖 𝑐𝑖ℎ𝑘

𝑛
∑

𝛽𝑗𝑘 + 𝛾𝑘 + 𝜎𝑖𝑘 + 𝑐𝑖 ⋅ (𝛼𝑖𝑘 − 𝛼𝑖(𝑘−1) )

𝑗=1

=

end
end

∑
𝑈 𝐴𝑉
𝑙𝑜𝑐
(𝑐𝑖𝑗𝑘
− 𝑐𝑖𝑘
) ⋅ (1 − 𝛼𝑖𝑘−1 )
𝑗↔𝑖

+

∑
𝐵𝑆
𝑙𝑜𝑐
(𝑐𝑖𝑏𝑘
− 𝑐𝑖𝑘
) ⋅ (1 − 𝛼𝑖𝑘−1 )
𝑏↔𝑖

𝑙𝑜𝑐
+ 𝑐𝑖𝑘
(1 − 𝛼𝑖𝑘−1 )
∑

We define 𝑐𝑚𝑖𝑛 = 𝑚𝑖𝑛 𝑐𝑖 , and in∑ Eq. (21), 𝛼𝑖 is set as a geometric
ℎ↔𝑖 𝑐𝑚𝑖𝑛
progression with initial value of (𝑑−1)𝑐
and iterative ratio of 1 +
∑

. Then, the general term formula of 𝛼𝑖 can be written as the
sum of geometric progression, which is:
𝑐𝑖

𝛼𝑖𝑘

=

∑
𝑐𝑖𝑗𝑘 𝑐𝑚𝑖𝑛
( ℎ↔𝑖
) 1
𝑐
𝑚𝑖𝑛

𝑑−1

(22)

≤1

For each GC 𝑖 ∈ 𝐼 in slot 𝑘,
𝑑 = (1 +

1
𝑐𝑚𝑖𝑛

)𝑐𝑚𝑖𝑛

∑

𝑗↔𝑖 𝑐𝑖𝑗𝑘

= 1, value ℎ is calculated as:

■

(23)

Theorem 1. Algorithm 3 is

𝛥𝐷 =𝑐𝑖 ⋅ 𝛼𝑖𝑘 +

𝑛
∑

=

∑
𝑈 𝐴𝑉
𝑙𝑜𝑐
(𝑐𝑖𝑗𝑘
− 𝑐𝑖𝑘
) ⋅ (1 − 𝛼𝑖𝑘−1 )
∑

𝑐𝑖 ⋅ (𝛼𝑖𝑘−1

(24)

𝑃𝑠𝑜𝑙 = max 𝐷𝑠𝑢𝑚

≤

Moreover, the solution to the dual problem (D2) is denoted as:
𝐷𝑠𝑜𝑙 = min
𝛼,𝛽,𝛾

𝑖=1

𝑐𝑖 𝛼𝑖 +

𝑗=1 𝑘=1

𝛽𝑗𝑘 +

𝑠
∑
𝑘=1

𝛾𝑘 +

𝐼 ∑
𝑠
∑

)

𝛽𝑗𝑘

𝑗↔𝑖

𝑛 ∑
𝑠
∑

𝑗↔𝑖 𝑐𝑖𝑗𝑘

(𝑑 − 1)𝑐𝑖

𝑗=1

𝑒
-competitive.
𝑒−1

Proof. The solution to the problem (P2) is defined as:

𝑚
∑

𝑐𝑖

∑
+

In each slot 𝑘 ∈ 𝐾, GC 𝑖 only choose one device (including UAVs,
the BS, and GC 𝑖 itself) to complete its data according to line 5 to 23 in
Algorithm 3. To analyze the value of 𝛥𝐷, we separately calculate 𝛥𝐷
when GC 𝑖 offloads its task to UAVs, the BS, or computes the task by
itself.
Case 1: If GC 𝑖 offloads its tasks to UAVs, the equation will be
transferred as:

𝑖

ℎ↔𝑖 𝑐𝑚𝑖𝑛

𝑗↔𝑖 𝑐𝑖𝑗𝑘

+ 𝑐𝑖 ⋅ (𝛼𝑖𝑘−1 ⋅

𝜎𝑖𝑘

+
∑

𝑈 𝐴𝑉
𝑐𝑖𝑗𝑘

⋅

+ 𝑐𝑖 ⋅ (𝛼𝑖𝑘−1 ⋅

𝑖=1 𝑘=1

7

𝑐𝑖

∑
+

𝑗↔𝑖 𝑐𝑖𝑗𝑘

(𝑑 − 1)𝑐𝑖

)

⋅ (1 − 𝛼𝑖𝑘−1 )

𝑗↔𝑖

(25)

𝑗↔𝑖 𝑐𝑖𝑗𝑘

∑

ℎ↔𝑖 𝑐𝑖ℎ𝑘

𝑐𝑖

∑
+

ℎ↔𝑖 𝑐𝑖ℎ𝑘
)
(𝑑 − 1)𝑐𝑖
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𝑈 𝐴𝑉 in this case, value of 𝛥𝐷 is written as:
Since 𝑐𝑖ℎ𝑘 = 𝑐𝑖𝑗𝑘
∑
𝛥𝐷 ≤
𝑐𝑖ℎ𝑘 ⋅ (1 − 𝛼𝑖𝑘−1 )
ℎ↔𝑖

∑

+ 𝑐𝑖 ⋅ (𝛼𝑖𝑘−1 ⋅
≤

∑

𝑐𝑖ℎ𝑘 (1 +

ℎ↔𝑖

ℎ↔𝑖 𝑐𝑖ℎ𝑘

𝑐𝑖

time complexity of this step is 𝑂(𝑠⋅𝑛). Then, the algorithm offloads GCs’
tasks to the BS or calculates them locally, taking time 𝑂(𝑠 ⋅ 𝑚). Finally,
the algorithm updates the variable 𝛼, taking time 𝑂(𝑠 ⋅ 𝑚). Overall, the
time complexity of algorithm TAS is 𝑂(𝑠⋅(𝑛+𝑚+𝑚)), namely 𝑂(𝑠2 ). ■

∑
+

ℎ↔𝑖 𝑐𝑖ℎ𝑘
)
(𝑑 − 1)𝑐𝑖

5. Performance evaluation

1
)
𝑑−1

In this section, we evaluate the performance of our algorithm MUTAA by comparing the offline algorithm OPT, the online algorithm
Round-Robin, and the algorithm HOTSPOT.

Therefore, the competitive ratio of Case 1 is:
𝐷
𝑂𝑝𝑡
𝛥𝐷
≤ 𝑠𝑜𝑙 =
𝑃𝑠𝑜𝑙
𝑝𝑠𝑜𝑙
𝛥𝑃
∑
1
(1 + 𝑑+1
) 𝑗↔𝑖 𝑐𝑖ℎ𝑘
=
∑
𝑗↔𝑖 𝑐𝑖ℎ𝑘

𝜔=

5.1. Simulation settings
Simulation settings are based on Ref. [18,32]. The total simulation
time 𝑠 is set as 20 to 200 slots, where the length of a single slot 𝛥𝑡
is set as 100 ms. There are 1 to 20 UAVs in the experiment; each of
them flies at a fixed altitude 𝐻 = 20 m with a maximum speed of
𝑣𝑚𝑎𝑥 = 40 m∕s, and keeps the safe distance 𝑑𝑖𝑠𝑚𝑖𝑛 = 15 m from other
UAVs. A computational edge node is mounted on a UAV to process tasks
offloaded from GCs, and UAVs are only allowed to serve GCs in their
communication ranges. GC 𝑖 contains 𝑐𝑖 amount of computation task,
whose value ranges from 10 MB to 30 MB, and has a local computation
𝑙𝑜𝑐 ranging from 0.05 MB/s to 0.1 MB/s. It can offload tasks to
rate 𝑐𝑖𝑘
nearby UAVs or the remote BS for computation and communication
assistance. We define the maximum network bandwidth as 3 MHz, and
the transmit power of GC 𝑖 is set as 𝑝𝑖 = 0.5 W. Based on the above
definitions, the transmission rate between the BS and each GC 𝑖 is set
𝑈 𝐴𝑉 , whose value can be calculated in advance.
as 𝑐𝑖𝑏𝑘
GCs’ mobility model is referred to paper [33], where vehicles’ velocities are randomly generated using a truncated Gaussian distribution
with a mean equal 70 km/h, variance 16 km/h, and velocities can be
varied between 50∼90 km/h, where the vehicles are driving in this
speed with one direction randomly generated at the first time slot. The
vehicle will turn around and return if it meets the scenario border.
Based on previous settings, we compare the proposed algorithm
MUTAA with the offline optimal algorithm OPT, the online RoundRobin policy, a trajectory design algorithm named HOTSPOT [32], a
special case of MUTAA named SINGLE, details described as follows:

1
=1 +
𝑑−1
Case 2: If GC 𝑖 offloads its tasks to the BS, the equation will be
transferred as:
𝛥𝐷 =𝑐𝑖 ⋅ 𝛼𝑖𝑘 + 𝛾𝑘
∑
𝐵𝑆
𝑙𝑜𝑐
− 𝑐𝑖𝑘
) ⋅ (1 − 𝛼𝑖𝑘−1 )
= (𝑐𝑖𝑏𝑘
𝑏↔𝑖

∑
∑
𝑐𝑖ℎ𝑘
𝑐𝑖ℎ𝑘
+ ℎ↔𝑖
)
+ 𝑐𝑖 ⋅ (𝛼𝑖𝑘−1 ⋅ ℎ↔𝑖
𝑐𝑖
(𝑑 − 1)𝑐𝑖
∑
𝐵𝑆
𝑘−1
𝑐𝑖𝑏𝑘 ⋅ (1 − 𝛼𝑖 )
≤
𝑏↔𝑖

∑

+ 𝑐𝑖 ⋅ (𝛼𝑖𝑘−1 ⋅

ℎ↔𝑖 𝑐𝑖ℎ𝑘

𝑐𝑖

∑
+

ℎ↔𝑖 𝑐𝑖ℎ𝑘
)
(𝑑 − 1)𝑐𝑖

𝐵𝑆 in this case, similar to Case 1, 𝛥𝐷 is written as
Since 𝑐𝑖ℎ𝑘 = 𝑐𝑖𝑏𝑘
∑
𝛥𝐷 ≤
𝑐𝑖ℎ𝑘 ⋅ (1 − 𝛼𝑖𝑘−1 )
ℎ↔𝑖

∑

+ 𝑐𝑖 ⋅ (𝛼𝑖𝑘−1 ⋅
≤

∑

𝑐𝑖ℎ𝑘 (1 +

ℎ↔𝑖

ℎ↔𝑖 𝑐𝑖ℎ𝑘

𝑐𝑖

∑
+

ℎ↔𝑖 𝑐𝑖ℎ𝑘
)
(𝑑 − 1)𝑐𝑖

1
)
𝑑−1

Therefore, the competitive ratio of Case 2 is
𝜔=

𝐷
𝑜𝑝𝑡
𝛥𝐷
1
≤ 𝑠𝑜𝑙 =
=1+
𝑃𝑠𝑜𝑙
𝑝𝑠𝑜𝑙
𝛥𝑃
𝑑−1

• OPT: OPT directly solves the offline version of the problem TDTAP by mathematic tools, in which UAVs know locations of all
𝐵𝑆 , 𝑐 𝑈 𝐴𝑉 in advance.
GCs and transmission rates 𝑐𝑖𝑏𝑘
𝑖𝑗𝑘

Case 3: If GC 𝑖 computes the tasks in local, the equation will be
transferred as:

• Round-Robin: In Round-Robin, UAV 𝑗 evenly distributes its communication resource to all GCs within the communication range
of 𝑅𝑗 at each time slot. The competitive ratio of the Round-Robin
policy is proved to be 2 [22].
• HOTSPOT: HOTSPOT [32] utilizes maximum clique technology
to deploy UAVs in proper locations, and decides the GCs’ task
allocations according to the average offloading probability.
• SINGLE: A special case of MUTAA when the preschedule step
is set as 1. The algorithm SINGLE is proposed to evaluate the
performance of MUTAA via different preschedule steps.

𝛥𝐷 =𝑐𝑖 ⋅ 𝛼𝑖𝑘 + 𝜎𝑖𝑘
𝑙𝑜𝑐
=𝑐𝑖𝑘
(1 − 𝛼𝑖𝑘−1 )

∑

+ 𝑐𝑖 ⋅ (𝛼𝑖𝑘−1 ⋅
≤

∑

𝑐𝑖ℎ𝑘 (1 +

ℎ↔𝑖

ℎ↔𝑖 𝑐𝑖ℎ𝑘

𝑐𝑖

∑
+

ℎ↔𝑖 𝑐𝑖ℎ𝑘
)
(𝑑 − 1)𝑐𝑖

1
)
𝑑−1

Therefore, the competitive ratio of Case 3 is
𝜔=

𝐷
𝑜𝑝𝑡
𝛥𝐷
1
≤ 𝑠𝑜𝑙 =
=1+
𝑃𝑠𝑜𝑙
𝑝𝑠𝑜𝑙
𝛥𝑃
𝑑−1

According to Lemma 2, 𝑑 = (1 +
𝑙𝑖𝑚𝑐𝑚𝑖𝑛 →∞ (1 +
𝜔 =1 +
=

1
𝑐𝑚𝑖𝑛

)𝑐𝑚𝑖𝑛

1
𝑐𝑚𝑖𝑛

On this basis, simulations are given in the following sections to evaluate the performance of task processing amount and average running
time for a single time slot 𝛥𝑡 = 100 ms. For these settings, we generate
10 scenarios for each simulation and take the average number as the
final results.

)𝑐𝑚𝑖𝑛 . Since

= 𝑒, the value of competitive ratio 𝜔 is:

1
𝑒−1

𝑒
𝑒−1

5.2. Impact of GC numbers 𝑚

■

Several experiments discuss the relationship between task processing amount and GC numbers in this part. In this scenario, 3 UAVs
have a communication range of 𝑅𝑗 = 50 m, with a maximum speed of
40 m∕s and a safety distance of 5 m. There are 30 to 1000 GCs randomly
generated in 300 m × 300 m area, with task amount of 𝑐𝑖 varying

Lemma 3. The algorithm 𝑇 𝐴𝑆 can solve problem P2 in the 𝑂(𝑠2 ) step.
Proof. In each iteration, algorithm TAS attempts to search all the time
slots 𝑘 ∈ 𝐾 and UAVs 𝑗 ∈ 𝐽 to find the most suitable UAV for GC 𝑖. The
8
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Table 2
Task processing amount with various GC numbers 𝑚 (𝑠 = 100, 𝑛 = 3).
GC number

30
60
90
120
150
200
300
500
1000

Task processing amount (MB)

Competitive ratio

Average running time in 𝛥𝑡 (ms)

Round-Robin

MUTAA

OPT

Round-Robin

MUTAA

Round-Robin

MUTAA

OPT

426.34
786.20
966.31
1314.69
1541.26
1752.78
2659.82
3391.35
5611.17

483.86
944.83
1214.56
1416.28
1867.76
2342.34
3520.39
4765.12
8868.26

521.83
1312.38
1735.86
1987.52
2419.15
2831.65
–
–
–

1.22
1.67
1.79
1.51
1.57
1.62
–
–
–

1.08
1.39
1.43
1.40
1.29
1.20
–
–
–

0.462
0.913
1.663
2.068
4.318
8.726
13.643
21.322
32.673

1.103
1.843
3.707
4.675
6.193
10.665
16.817
25.134
47.374

47.28
128.23
322.12
1203.41
4703.41
24 163.28
–
–
–

Table 3
Task processing amount with various UAV numbers 𝑛 (𝑠 = 100, 𝑚 = 100).
UAV number

1
2
3
4
5
8
10
15
20

Task processing amount (MB)

Competitive ratio

Average running time in 𝛥𝑡 (ms)

Round-Robin

MUTAA

OPT

Round-Robin

MUTAA

Round-Robin

MUTAA

OPT

654.13
966.23
1124.39
1289.32
1396.32
1479.91
1657.67
1734.23
1761.27

821.29
1138.51
1451.23
1653.31
1795.34
1923.36
2020.70
2176.98
2208.87

1276.27
1673.29
1878.12
2041.75
2141.54
2217.95
–
–
–

1.95
1.73
1.67
1.58
1.53
1.49
–
–
–

1.56
1.47
1.29
1.23
1.19
1.15
–
–
–

0.612
1.391
2.722
3.606
5.3667
8.095
12.544
21.256
30.954

0.791
1.329
4.069
5.7928
7.8041
11.761
16.9073
32.918
56.074

39.26
57.35
180.810
431.843
1203.41
6163.28
–
–
–

Fig. 2. Task processing amount versus GCs’ number.

Fig. 3. Task processing amount versus UAVs’ number.

from 15 MB to 30 MB. The BS is set in the center of the scenario, and
the preschedule step for MUTAA is set as 5. We experiment to evaluate the task processing amount of MUTAA, OPT, and Round-Robin,
respectively. Experimental results are shown in Fig. 2 and Table 2.
It can be seen from Fig. 2 that the three algorithms Round-Robin,
MUTAA, and OPT complete more tasks when the number of GCs
increases because the more GCs are, the more tasks are produced.
MUTAA completes more tasks than Round-Robin, which does not take
𝑈 𝐴𝑉 and residual task amount into consideration.
transmission rate 𝑐𝑖𝑗𝑘
OPT performs better than MUTAA since OPT knows the transmission
rate and locations of all GCs, UAVs, and the BS in advance. Results
also show that when the GCs number reaches 200, MUTAA completes
83% tasks on average of OPT, and the competitive ratio between
MUTAA and OPT is less than 1.58, while the competitive ratio between
Round-Robin and OPT is less than 2.
However, OPT spends much more time achieving the final results.
In Table 2, it can be seen that when the number of GCs grows, the
execution time of OPT increases exponentially. When the number of
GCs reaches 200, OPT spends 42.16 s on average to achieve the results
at each time slot (𝛥𝑡 = 100 ms), which is too long and cannot be applied
online. By contrast, the running time of MUTAA only costs 10.67 ms at
each time slot.

5.3. Impact of UAV numbers 𝑛
This section provides a group of experiments to show the relationship between task processing amount and UAV numbers. Specifically,
100 GCs generated in 300 × 300 m areas, with task amount of 𝑐𝑖 varying
from 15 MB to 30 MB. The BS is set in the center of the scenario, and
the preschedule step for the algorithm MUTAA is set as 5. UAV numbers
vary from 1 to 20, each of which has a communication range 𝑅𝑗 = 50 m,
with a maximum speed of 40 m∕s and a safety distance of 5 m. We
experiment to evaluate the total task amount of the algorithm MUTAA,
OPT, and Round-Robin. Experimental results are shown in Fig. 3 and
Table 3.
It can be seen from Fig. 3 and Table 3 that the three algorithms
Round-Robin, MUTAA, and OPT, complete more tasks when the number of UAVs increases. However, with the number of UAVs growing, the
increment of task competition amount decreases. For instance, when
UAV numbers increase from 15 to 20, the task processing amount
increases to only 31.2MB. That is because the number of GCs in this
experiment is fixed, and the total amount of tasks does not change
much. Therefore, the competitive ratios of both Round-Robin and
9
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Table 4
Task processing amount with various total simulation time slots 𝑠 (𝑐𝑖 = 9MB, 𝑚 = 100).
Slot number

40
80
120
160
200

Task processing amount (MB)

Competitive ratio

Average running time in 𝛥𝑡 (ms)

Round-Robin

MUTAA

OPT

Round-Robin

MUTAA

Round-Robin

MUTAA

OPT

532.51
642.13
708.75
724.29
745.69

632.20
717.18
762.56
790.46
810.92

837.31
900.00
900.00
900.00
900.00

1.57
1.40
1.27
1.24
1.21

1.34
1.25
1.18
1.13
1.11

0.3870
0.2743
0.1376
0.1379
0.1488

0.5414
0.5925
0.6695
0.9038
1.5894

38.314
168.241
283.41
1975.56
3534.17

Table 5
Task processing amount with various total simulation time slots 𝐾 (𝑐𝑖 = 20MB, 𝑚 = 100).
Slot number

40
80
120
160
200

Task processing amount (MB)

Competitive ratio

Average running time in 𝛥𝑡 (ms)

Round-Robin

MUTAA

OPT

Round-Robin

MUTAA

Round-Robin

MUTAA

OPT

781.93
930.74
1097.86
1320.09
1352.27

880.53
1033.57
1256.46
1408.35
1535.41

1259.74
1492.35
1857.34
2000.00
2000.00

1.61
1.64
1.69
1.52
1.47

1.43
1.44
1.48
1.42
1.30

0.4638
0.1462
0.5522
0.7306
1.3667

0.5417
0.9391
1.8698
2.7928
4.8041

4.9727
12.7359
56.0810
103.1843
510.3417

Fig. 4. Task processing amount versus simulation time.

MUTAA decrease when UAV numbers increase because more UAVs are
dispatched to assist GCs in completing their tasks.
Simulation results also show that the running time of three algorithms increases when the UAV number grows, for all these algorithms
iterates each UAV 𝑗 ∈ 𝐽 to calculate the task processing amount. When
comparing the three algorithms, OPT’s running time is much longer
than that of MUTAA and Round-Robin, reaching 6.613 s, which is much
larger than the given time slot of 100 ms and cannot be applied in online
development. On the contrary, the running time of MUTAA only costs
11.76 ms at each time slot.

we compare different simulation times, it can be seen that MUTAA
performs better when the simulation time is longer, for OPT completes
all tasks when the slot number is 80, and the competitive ratio between
MUTAA and OPT is better when the number of slots increases.
Table 5 shows how MUTAA works when the task amount of each
GC is 20 MB. When the number of time slots varies from 40 to 200,
the competitive ratio between MUTAA and OPT is less than 1.58,
demonstrating that the algorithm MUTAA is 1.58-competitive. When
we compare different time slots, it can be seen that the competitive
ratio of MUTAA first increases when the slot number is smaller than
120 because the accumulation gap between MUTAA and OPT is larger
when the number of time slots increases. When the slot number is larger
than 120, the competitive ratio of MUTAA decreases. That is because
OPT already completes all tasks generated by GCs, while MUTAA still
has more tasks to complete.

5.4. Impact of total simulation slots 𝑠
In this section, we provide a group of experiments to illustrate the
relationship between task processing amount and total simulation time
slots 𝑠. We conduct two experiments to illustrate situations where each
GC’s task amount differs. Specifically, there are 100 GCs randomly
generated in the 300 × 300 m area, with the task amount of 𝑐𝑖 = 9 MB
in the first experiment and 𝑐𝑖 = 20 MB in the second experiment. The
BS is set in the center of the area, and the preschedule step for the
algorithm MUTAA is set as 5. There are 5 UAVs in this scenario, and
each has a communication range of 𝑅𝑗 = 50 m, with a maximum speed
of 40 m∕s and a safety distance of 5 m. We conduct the two experiments
to change the simulation time from 10 to 140 slots and evaluate the
task processing amount of the algorithm MUTAA, the algorithm OPT,
and the algorithm Round-Robin respectively. Experimental results are
shown in Table 4, Fig. 4(a), Table 5, and Fig. 4(b).
Table 4 shows how the algorithm MUTAA works when the task
amount of each GC is 9 MB. When the number of time slots varies from
40 to 200, the competitive ratio between MUTAA and OPT is less than
1.58, verifying that the algorithm MUTAA is 1.58-competitive. When

5.5. Impact of different trajectories
The three sections above evaluate task-allocation algorithms between MUTAA and the compared algorithms. In this section, we compare the three trajectory-design algorithms between MUTAA and
HOTSPOT [32] and SINGLE.
Specifically, 100 GCs randomly generated in the 300 × 300 m area,
with the task amount 𝑐𝑖 varying from 15 MB to 30 MB. There are 3
UAVs in the scenario, each with a communication range 𝑅𝑗 = 50 m, a
maximum speed of 40 m/s, and a safety distance of 5 m. The step for
the algorithm MUTAA is set as 5, and that for SINGLE is set as 1. We
conduct an experiment to evaluate task process amount of MUTAA and
HOTSPOT in 150 time slots. Experimental results are shown in Table 6.
We first compare the task processing amount between MUTAA and
HOTSPOT. It can be seen from Table 6 that the task processing amount
10
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Fig. 5. UAV’s trajectory among MUTAA and SINGLE. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 6
Experimental results for different trajectory algorithms with various GCs’ numbers (𝑠 = 100, 𝑛 = 3).
GCs’ number

20
40
60
90
100

Task processing amount (MB)

Total flight distance (m)

HOTSPOT

MUTAA

SINGLE

HOTSPOT

MUTAA

SINGLE

398.29
728.01
960.59
1071.80
1212.59

500.51
920.39
1115.84
1391.21
1579.46

413.82
870.68
1022.67
1236.35
1404.32

551.21
761.47
826.97
1086.51
1200.37

704.71
990.00
1079.98
1246.85
1460.47

751.62
976.37
1127.77
1390.46
1546.77

6. Conclusion

of MUTAA and SINGLE is larger than that of HOTSPOT, for the taskallocation algorithm in HOTSPOT only considers the average offloading
probability of GCs, and does not take the residual task amount for each
GC into consideration. Task processing amount of SINGLE is smaller
than that of MUTAA, and the gap between the two algorithms is smaller
than 10%, for these two algorithms are similar that they both use
preschedule strategy to deploy UAVs in proper locations. However, the
total flight distance of SINGLE is much larger than that of MUTAA
because UAVs use the trajectory algorithm SINGLE sometimes roaming
around two specific GCs, which prolongs the total flight distance of
UAVs.
Fig. 5(a) and (b) illustrate the trajectories of MUTAA, SINGLE, and
the task scheduling for each GC in scenario with 100 GCs, 2 UAVs and a
BS. The green and brown lines in Fig. 5 are trajectories for two different
UAVs. The red circle represents the BS, which located at the scenario’s
center. The red star denotes the GCs that UAVs serve, the blue triangle
means the GCs that are served by the BS, where the pink diamond is
the GC that computes the task locally. It can be seen from Fig. 5(a)
that UAV attempts to select GCs with maximum transmission rate and
most residual tasks, which is always the GC near each UAV. Besides,
Most GCs near the BS choose to upload their tasks to the BS, for the
transmission rate between GCs and the BS is large. When GCs are far
from the BS, uploading tasks to BS may take much time, and some GCs
choose to compute tasks by themselves.
Then, we compare the total flight distance between HOTSPOT with
MUTAA. In Table 6, the total flight distance of the proposed algorithm
MUTAA is smaller than that of HOTSPOT since MUTAA utilizes a
preschedule strategy to find the most suitable deployment positions
for UAVs, according to candidate locations of GCs in the current time
slot and locations of UAVs in previous time slots. On the contrary,
HOTSPOT utilizes the maximum clique technology to classify GCs into
several clusters and deploys UAVs in the center of each cluster. When
GCs’ locations changes, the center of each cluster (UAV’s location) does
not change much, leading to the result that UAVs only receive tasks
from GCs within a limited range. Therefore, the task processing amount
of HOTSPOT is much smaller than that of MUTAA.

In this paper, we establish a UAV-aided edge computing system
to assist GCs in completing their computing tasks. Distinct from most
of the existing works, this paper considers an online scenario where
UAVs do not obtain information in advance from GCs, e.g., locations
and communication quality. In particular, we formulate a trajectory
design and task allocation problem named TDTAP in the mathematic
model to maximize the task processing amount of all GCs, under
trajectory constraints of UAVs and task amount constraints of GCs. On
this basis, an online algorithm MUTAA is proposed to solve the problem
TDTAP and is decomposed into two sub-algorithms: trajectory design
algorithm TDA and task scheduling algorithm TAS. On the one hand, a
trajectory design algorithm named TDA utilizes a preschedule strategy
to optimize each UAV’s trajectory. On the other hand, a competitive
online algorithm named TAS is proposed to schedule tasks for each
GC. Theoretical analysis proves that TAS is e/(e–1)-competitive. The
experimental results demonstrate that MUTAA completes an average
83% task amount of the optimal offline algorithm OPT but costs much
less time.
In the future, a more complex UAV-aided edge computing system
will be built to consider cooperation strategies among UAVs. We aim to
maximize the task processing amount of all GSs by jointly considering
UAVs’ trajectory and task allocation strategies under the trajectory
design constraints, tasks’ deadline constraints, and energy consumption
constraints.
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