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Abstract: With the evolution of 5th generation (5G) and 6th generation (6G) wireless communication technologies, various Internet 
of Things (IoT) devices and artificial intelligence applications are proliferating, putting enormous pressure on existing computing 
power networks. Unmanned aerial vehicle (UAV)-enabled mobile edge computing (U-MEC) shows potential to alleviate this pressure 
and has been recognized as a new paradigm for responding to data explosion. Nevertheless, the conflict between computing 
demands and resource-constrained UAVs poses a great challenge. Recently, researchers have proposed resource management 
solutions in U-MEC for computing tasks with dependency. However, the repeatability among the tasks was ignored. In this paper, 
considering repeatability and dependency, we propose a U-MEC paradigm based on a computing power pool for processing 
computationally intensive tasks, in which UAVs can share information and computing resources. To ensure the effectiveness of 
computing power pool construction, the problem of balancing the energy consumption of UAVs is formulated through joint 
optimization of an offloading strategy, task scheduling, and resource allocation. To address this NP-hard problem, we adopt a 
two-stage alternate optimization algorithm based on successive convex approximation (SCA) and an improved genetic 
algorithm (GA). The simulation results show that the proposed scheme reduces time consumption by 18.41% and energy 
consumption by 21.68% on average, which can improve the working efficiency of UAVs.
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1  Introduction

As research on the 5th generation (5G) and 6th gener‐
ation (6G) wireless communication technologies contin‐
ues to make strides forward, various Internet of Things 
(IoT) devices have become ubiquitous. According to 

Machina Research, the number of global IoT devices is 

expected to increase to 27 billion by 2025 (AII, 2023). 

The applications of artificial intelligence (AI) technol‐

ogies are also increasing, such as large language 

models (LLMs) and augmented reality (AR). The 

computing tasks of these applications are mostly de‐

lay sensitive and computationally intensive, making 

them beyond the capacity of mobile devices (Zhang 

PY et al., 2021; Michailidis et al., 2022; Ning et al., 

2023). The traditional method is to adopt cloud com‐

puting technology. However, cloud servers cannot meet 

the low latency requirements of a massive influx of 

tasks (Lin et al., 2020). Mobile edge computing (MEC) 

technology can address these shortcomings to a certain 
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extent, and is applied to the network edge closer to us‐
ers (Kato et al., 2019). Nevertheless, traditional mo‐
bile edge servers have limitations in deployment 
and cannot be rapidly deployed in some emergency 
situations, deserts, and wilderness places (Kato et 
al., 2019; CCID, 2020). Fortunately, the development 
of unmanned aerial vehicles (UAVs) is gradually ma‐
turing. UAVs are flexible and easy to deploy, so a new 
paradigm of UAV-enabled MEC (U-MEC) has 
emerged. The U-MEC system enables a wide range 
of applications that can perform data collection, extend 
the communication range, share the load of a terrestrial 
base station (BS) or access point (AP), and perform 
computational tasks for IoT devices that do not have 
direct access to communication infrastructure (Ning 
et al., 2023).

However, the constraints of weight, power, energy, 
and other factors impose limitations on the communi‐
cation and computation capabilities of UAVs during 
data processing. Consequently, the objective of research 
is to propose efficient resource management methods 
for the limited resources in U-MEC systems (Abrar 
et al., 2021). The user tasks provide essential insight 
into the optimal organization and utilization of re‐
sources, thereby facilitating the development of a more 
targeted approach to resource management that is 
grounded in the characteristics of user tasks.

The interdependency of subtasks represents a 
fundamental characteristic of computational tasks. 
Most computing tasks can be classified into a series 
of subtasks, each with a defined sequence of comple‐
tion. These subtasks are collectively referred to as de‐
pendent tasks (Huang et al., 2023; Liu CT et al., 2023). 
The rationale behind the dependency of computing 
tasks is that developers typically embrace the concept 
of modularity when constructing programs and appli‐
cations. They then proceed to link together multiple 
modules, each with its own distinct functionality, in 
accordance with specific logical relationships (Nguyen 
et al., 2023). A multitude of applications comprise a 
set of interdependent tasks. To illustrate, the naviga‐
tion service in AR consists of four subtasks, which can 
be performed on disparate modules (Pranoto et al., 
2023). The control module initially identifies the 
geographical location of the current starting point upon 
receipt of the user-inputted destination. Subsequently, 
the data are conveyed through the map module and 

the traffic module, whereby alternative routes and 
traffic conditions are obtained, respectively. Ultimately, 
the route module superimposes the virtual route guide 
within the environment, according to the output results 
of the two parallel modules (Ning et al., 2023). The data 
dependency between subtasks represents a significant 
challenge for the allocation, optimization, and utilization 
of resources, which in turn presents a substantial ob‐
stacle to the effective management of U-MEC resources.

In recent research, the interdependency of sub‐
tasks has been incorporated into the U-MEC system. 
To minimize the energy and time costs of IoT devices, 
Yan et al. (2020a) investigated the joint optimization 
problem of the offloading strategy and resource allo‐
cation when dependent tasks involve two IoT devices. 
For the identical optimization objective and problem, 
a deep reinforcement learning (DRL) framework was 
used by Yan et al. (2020b), which is appropriate for 
the application scenarios of time-varying wireless 
fading channels and random MEC capabilities. Sahni 
et al. (2021) adopted a heuristic algorithm to solve the 
problems of task offloading and stream scheduling to 
minimize the average completion time of tasks. With 
the goal of minimizing response delay and energy con‐
sumption of UAV clusters, Li et al. (2024) studied task 
scheduling and UAV deployment optimization pro-
blems for data analysis service applications with depen‐
dency and adopted the DRL algorithm to solve them. 
Previous research has investigated the issues of task 
scheduling, resource allocation, and offloading strate‐
gies in resource management for dependent tasks, with 
the objective of minimizing the time to task comple‐
tion or minimizing the energy cost. Nevertheless, the 
UAVs in these studies were in a hovering state, and 
the flexibility of UAVs was not sufficiently utilized. 
Furthermore, aspects of trajectory optimization and task 
completion efficiency require improvement. Xu et al. 
(2023) considered the trajectory optimization problem 
of UAVs, considering the case of a single UAV assist‐
ing the user’s task computation. However, due to the 
sequential execution order requirement between the 
subtasks of the dependent tasks, the UAV in this study 
was idle and waiting, and there was scope for improve‐
ment in the efficiency of task completion. Nguyen et al. 
(2023) proposed multi-UAV collaboration with the ob‐
jective of completing the computation of dependent tasks. 
While this method does reduce the idle waiting time of 
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the UAV, it fails to account for the correlation between 
the tasks, resulting in a redundant allocation of resources. 
Consequently, there is a clear opportunity to enhance 
the efficiency of resource utilization.

We conclude that most research studies have treated 
each dependent task in isolation, without considering 
the repeatability of its subtasks. This approach has the 
potential to result in the inefficient use of scarce re‐
sources. In particular, the completion of each inde‐
pendent task can be divided into multiple sequential 
subtasks. However, there are repeating parts among 
them, particularly when users are situated in the same 
area and time period. To illustrate, the completion of 
a personalized recommendation service necessitates 
use of the user’s behavioral data and a personalized 
algorithmic recommendation model. Additionally, it re‐
quires the incorporation of the actual local situation 
to facilitate the delivery of the most appropriate recom‐
mendations to the user (Yuan et al., 2023). In situations 
where users are situated in the same area and time, 
the life service application will update recommenda‐
tions pertaining to nearby food, hotels, and attractions. 
Additionally, the smart bracelet will update recom‐
mendations related to exercise modes and health moni‐
toring. The completion of these tasks necessitates the 
calling of the subtask pertaining to map information 
within the area in which the users are located. This 
component is identical in the tasks of each user. In the 
context of applications and data collection scenarios of 
the IoT, there are numerous computationally inten‐
sive tasks that are analogous to those involved in the 
generation of personalized recommendations. If the 
recurrent parts are not processed in an appropriate 
manner, the subtasks will be computed tautologically, 
which results in a waste of resources.

Accordingly, in this paper, we propose a U-MEC 
computing paradigm based on a computing power 
pool to address the issues associated with the repeat‐
ability and dependency of subtasks. The computing 
power pool consists of UAVs which are uniformly 
scheduled and managed by a data center (DC). Beyond 
sharing the results of subtasks, the UAVs in the com‐
puting power pool can share their own computing re‐
sources. This approach not only addresses the issue 
of repetitive subtask execution but also prevents the 
inefficient use of UAV resources and enhances overall 
task completion efficiency. To guarantee the stability 

and fairness in constructing the computing power pool, 
it is essential to ensure that each UAV participating 
in the construction of the pool has a relatively balanced 
consumption of resources. The UAV energy consump‐
tion is a key concern for researchers. Therefore, we 
propose a joint optimization problem to balance it. 
The following outlines the specific work presented in 
this paper:

1. We investigate a scenario where multi-UAVs 
assist multi-users in offloading dependent tasks com‐
prising subtasks that are partly repetitive. We mathe‐
matically formulate a problem of balancing the energy 
consumption of UAVs through jointly optimizing the 
UAV–user association, communication resources, com‐
puting resources, UAV–subtask association, and the 
trajectories of UAVs, constrained by the demands of 
tasks and the capacity of UAVs.

2. We propose a scheme based on constructing 
a computing power pool for task linkage. Accordingly, 
the original problem is disassembled into two sub‐
problems, i.e., the optimization of UAV–user association, 
communication resource allocation, and UAV trajec‐
tory, and the optimization of UAV–subtask association 
and computational resource allocation. We adopt a 
two-stage alternate optimization algorithm based on 
SCA technology and an improved genetic algorithm 
(GA) through operator redesign to solve this problem.

3. Through a series of simulations, we explore 
and analyze the effectiveness of the proposed scheme 
as well as the impact of the subtask repetition rate. The 
simulation results show that the proposed scheme 
can effectively reduce the energy consumption and 
execution time of UAVs, and that the proposed algo‐
rithm performs well.

2  Related works

The computational operations of a user device 
can typically be classified into two main categories: 
those with subordinate tasks and those without such 
tasks. This section presents an analysis of U-MEC 
work based on the categorization of application tasks 
according to the presence or absence of subtasks.

2.1  U-MEC for application tasks without subtasks

For application tasks without subtasks, current 
research focuses on the design of networks for different 
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scenarios, integration with MEC, and improvement of 
optimization methods, most of which characterize 
tasks with two dimensions, namely computational 
resource requirements and latency requirements. Based 
on a priority calculation method referring to user 
delay requirements and residual energy, Tian et al. 
(2023) used a GA-based method to solve the problem 
of maximizing user satisfaction by jointly optimizing 
the user offloading strategy and the UAV trajectory. 
Wang LJ et al. (2023), in a study of a scenario where 
a UAV acts as a relay and provides server assistance 
for the BS, considered the problem of jointly optimiz‐
ing the user offloading strategy, resource allocation, and 
trajectory of the UAV to maximize the computational 
load and minimize the energy consumption, and de‐
composed the original problem by using the block 
coordinate descending (BCD) method. The internal 
point method was used to solve bandwidth allocation, 
computing resource allocation, and computing offload‐
ing problems, and SCA technology was used to solve 
the UAV trajectory optimization problem. For video 
offloading, Zhao et al. (2024) proposed a system energy 
optimization problem that jointly optimizes frame rate, 
offloading decision, communication resource alloca‐
tion, and UAV position deployment, and adopted a 
DRL algorithm to solve it. Mei et al. (2020) adopted 
a clone sharing technique at the cloud and UAV edge to 
collaborate on user tasks by sharing data and services. 
Qin XT et al. (2023) and Zhai et al. (2022) both in‐
vestigated U-MEC networks assisted by reflective 
intelligence surface (RIS). Qin XT et al. (2023) focused 
on single-dimensional computational resource demand 
optimization, with their task model considering only 
the efficient allocation and utilization of computa‐
tional resources to maximize the network’s perfor‐
mance. In contrast, Zhai et al. (2022) considered the 
time-sensitive nature of the task, balancing the time 
constraints of task execution with the efficiency of 
resource allocation. This multi-dimensional optimiza‐
tion strategy demonstrates the flexibility and potential 
of RIS-assisted networks in handling tasks. Khalid 
et al. (2024) proposed a U-MEC network with energy 
harvesting for disaster sites to enhance computational 
efficiency.

Application tasks that do not include subtasks 
are relatively straightforward and typically stand alone. 
Consequently, the corresponding resource management 

program prioritizes the aspects of computational re‐
sources and latency requirements.

2.2  U-MEC for application tasks with subtasks

As a consequence of the growing convergence 
of AI and the IoT, the nature of application tasks is 
becoming increasingly complex and diverse. To facil‐
itate their management, it is possible to decompose 
these tasks into a series of subtasks, which are then 
executed in a predetermined sequence.

Some studies have sought to enhance task com‐
pletion efficiency by disregarding the interdepen‐
dency among subtasks. This approach involves offload‐
ing subtasks to different carriers for parallel comput-
ation (Hu QY et al., 2019; Hu XY et al., 2020; Wu 
et al., 2020). However, in practice, most subtasks within 
applied tasks are interdependent. Consequently, research 
on task dependency, as exemplified by the U-MEC 
approach, has increasingly captured the attention of 
researchers.

The processing of dependent tasks by a single 
UAV is subject to limitations that may result in periods 
of idle time. It is therefore becoming increasingly 
common for multiple UAVs to collaborate to complete 
the necessary computations (Xu et al., 2023). Huang 
et al. (2023) adopted the UAV cluster method to 
calculate dependent tasks, divide UAVs into leading 
UAVs and computing UAVs, minimize task comple‐
tion, and balance energy consumption among com‐
puting UAVs. Nguyen et al. (2023) proposed a method 
to assist dependent tasks in computing by muti-UAV, 
in which the BS dominates the flight, communication, 
and computing actions of the UAVs. To minimize the 
average delay of service, Nguyen et al. (2023) studied 
the problem of jointly controlling dependent task 
offloading decisions and allocating the communication 
resources of UAVs. Guo et al. (2024) proposed a solu‐
tion whereby users can forward their dependent task 
relays to users with good communication links and 
then offload tasks to associated UAVs for computa‐
tion, so as to minimize system delay. Luan et al. (2022) 
proposed a hierarchical hybrid subtask scheduling 
(H-HSS) algorithm, which jointly optimizes the topology 
and minimizes the average completion time of sub‐
tasks in task scheduling. Li et al. (2024) examined the 
U-MEC cost minimization problem with task depen‐
dency and proposed a directed acyclic graph (DAG) 
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optimization algorithm for task scheduling and UAV 
deployment. Jia et al. (2023) considered the offloading 
of dependent tasks based on a service function chain 
in U-MEC systems, combining UAV location, service 
function deployment, and DAG task scheduling to 
minimize task completion time. Thus, the consideration 
of task dependency has received substantial interest. 
Although the form of multi-UAVs is used to compute 
the dependent tasks, most studies treat each dependent 
task as an isolated entity, without considering the re‐
peatability of its subtasks. This approach ultimately re‐
sults in the inefficient utilization of scarce resources.

In addition to the fundamental requirements of 
computational resource and latency, the subtasks of 
such tasks are typically constrained by the necessity of 
a sequential completion order. The data dependency be‐
tween subtasks represents a significant constraint on 
the allocation, optimization, and utilization of resources, 
thereby posing considerable challenges to the manage‐
ment of U-MEC resources.

3  System model and problem formulation

3.1  System model

We studied a scenario in which multi-UAVs are 
used to assist multi-users in offloading computation‐
ally intensive tasks. Following the collection of task 
specifications of M users by N UAVs, a provisional 
computing power pool is established to facilitate the 
execution of requisite computations (Fig. 1). The DC 
then assumes responsibility for task scheduling. We 
adopt a quadruple, (wm, dm, Dm, tm), to describe the 

user m ’s task requirements, where wm =[xm, ym] rep‐
resents m’s horizontal coordinates, with the vertical 
coordinate being 0, dm is the amount of data that m 
offloads, Dm is a series of dependent subtasks, and tm 
is the expected time to receive service. The moving 
cycle of all the UAVs is recorded as T, which can be 
divided into K time slots, that is, T=KΔT. The UAV n 
flies from the starting point ln,init=[xn,init, yn,init, H], where 
H is the flight height, which is fixed. The flight 
speed of UAV n in the kth time slot is denoted as vn[k], 
which does not exceed the maximum speed Vmax, and 
the minimum distance among UAVs to avoid collision 
is dmin. The trajectory of UAV n on the horizontal 
coordinates in the kth time slot is marked as qn[k]=
[x[k], y[k]]. Similar to the work of Liu CT et al. (2022), 
the flight constraints of the UAVs can be summarized 
by Eq. (1), including the speed constraints, starting point 
constraint, and collision avoidance constraint. The key 
notations are presented in the supplementary materials.
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vn [ k ] =  qn [ k ]- qn [ k + 1]  ΔT⩽Vmax,

                         ∀k ∈ { }1, 2, …, K - 1 , n ∈ { }1, 2, …, N ,

qn [1] = qn [ K ] = ln,init,  ∀n ∈ { }1, 2, …, N ,

 qn [ k ]- qw [ k ] ⩾dmin,  ∀n, w ∈ { }1, 2, …, N , n ≠ w.

(1)

3.2  Communication model

3.2.1  UAV–user

Although UAVs can provide convenient line-
of-sight (LoS) transmission conditions, due to the 
complexity and variability of the real channel, they may 
also receive signals through refraction and reflection. 
In our study, based on current research, we adopted 
the Rician fading channel with a channel fading factor 
S to simulate the communication channel between 
users and UAVs. The channel coefficient considers 
mainly small-scale fading and channel loss (Khuwaja 
et al., 2018; Nasir, 2021; Wang LJ et al., 2023).

Small-scale fading is composed of the LoS and the 
non-LoS (NLoS), denoted as hn, LoS

m [ k ] and hn, NLoS
m [ k ], 

respectively, where | hn, LoS
m [ k ] |=1, hn, NLoS

m [ k ] ~N (0,1) . 

The channel loss coefficient is denoted as g n
m [ k ] =

g0 ( l n
m [ k ])-α, where l n

m [ k ] =  qn [ k ] - wm

2
+ H 2  

indicates the distance between user m and UAV n, 
Fig. 1  System model (UAV: unmanned aerial vehicle; DAG: 
directed acyclic graph; DC: data center)
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and α is the channel loss exponent. Therefore, its 
channel gain can be expressed as

hn
m [ k ]=( S

S+1
hn, LoS

m [ k ]+
1

1+S
hn, NLoS

m [ k ]) g n
m [ k ].

(2)

Assuming that the communication mode among 
the UAV and the users is orthogonal frequency division 
multiplexing, the UAVs adopt different frequency bands 
to avoid interference and the user’s transmitting power 
is constant, denoted as Pm (Hu ZZ et al., 2021; Dai et al., 
2023). Bmax is the allocatable bandwidth and bn,m[k] re‐
fers to the bandwidth ratio of UAV n allocated by user 
m. The noise power is σ2, so the signal-to-noise ratio 
(SNR) between user m and UAV n in the kth time slot 
can be expressed as

snr n
m [ k ] = Pm || hn

m [ k ]
2

(bn,m [ k ] σ 2 ). (3)

The data transmission rate is expressed as Eq. (4), 
where CFTn is the time slot when UAV n completes 
information collection.

Rn
m [ k ]=

ì
í
î

bn,m [ k ] Bmax log2 (1 + snr n
m [ k ]),  tm⩽k⩽CFTn,

0,  otherwise.

(4)

We use αm, n[k] to indicate whether the user m’s task 
is captured by UAV n in the kth time slot. If yes, αm,n[k]=
1; otherwise, αm,n[k]=0. The sets of αm,n[k] are denoted 
as A, which is one of the variables to be optimized. When 
user m is associated with UAV n, i.e., αm,n[k]=1, bm,n[k] 
should meet the constraints of inequality (5). To en‐
sure that user data are fully received, inequality (6) 
needs to be satisfied.
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0⩽bn,m [ k ] ⩽1,    ∀m∈{ }1, 2, …, M , 

                                 n∈{ }1, 2, …, N , k∈{ }1, 2, …, K ,

∑
m=1

M

bn,m [ k ] ⩽1,   ∀k∈{ }1, 2, …, K , n∈{ }1, 2, …, N ,

(5)

dm⩽αm,n [ k ] ∑
k = tm

CFTn

Rn
m [ k ] ΔT,  ∀m ∈ { }1, 2, …, M , 

                                             n ∈ { }1, 2, …, N . (6)

CFTn = max ( )tm + ∑
k = tm

SSC

αm,n [ k ] ⋅ t off
n,m  , where SSC 

means the time slot in which all the dispatched UAVs 
have completed the information collection task, that is, 
the time slot of the computing linkage. We ignore the 
delay commanded by the DC. So, SSC=max (CFTn), ∀n∈{1, 2, … , N}. t off

n,m represents the amount of time 
that UAV n assigns to user m to offload the task:

t off
n,m = dm ∑

k = tm

CFTn

Rn
m [ k ]. (7)

3.2.2  UAV–UAV

The LoS link between UAVs is assumed here. 
The dispatch of UAVs, including communication, is 
directed by the DC. Like in most studies, we ignore 
the influence of mutual interference between UAVs 
(Huang et al., 2023; Nguyen et al., 2023; Guo et al., 
2024). We assume that the UAV sends data at con‐
stant power Pu. Therefore, the average channel gain 
between UAV n and UAV w is hn=h0(ln,w)−α, the SNR 
snr w

n = Puhn /σ 2, and the data transmission rate between 
UAVs is expressed by

Rn
m = Bmax log2 (1 + snr w

n ). (8)

Assuming that the amount of data transmitted 
between UAVs is du, the communication time taken 
to transmit the data can be calculated by

tu,comm = du /Rn
m. (9)

3.3  Dependent tasks model

Without loss of generality, we consider the case 
of one user corresponding to one task, and the user 
m’s dependent tasks are represented by DAG, Dm=
(Tm, Em, Cm), where Tm= {Tm,1, Tm,2, … , Tm,s} repre‐
sents the set of subtasks required to complete user 
m’s task  and s indicates the number of subtasks (Luan 
et al., 2022; Huang et al., 2023; Jia et al., 2023; Li 
et al., 2024). m and s correspond one to one, so if m is 
certain, then s is also certain. Em is the dependency 
between subtasks, represented by an s×s dimensional 
matrix. For example, em(i, j) indicates the completion 
sequence of the user m’s subtask i and subtask j. A 
value greater than 0 indicates that Ti must be completed 
before Tj starts computing. Otherwise, the value is 
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negative. Cm represents the computing time of the 
subtask on UAVs, expressed in a matrix of s×N dimen‐
sions, with Cm(i, n) representing the time taken by the 
user’s subtask i to compute at the maximum com‐
puting frequency on UAV n.

Each user’s computing task is dependent and can 
be represented by a DAG. To assist UAVs in perform‐
ing joint task computations, we combine the DAG for 
all user tasks into one DAG, which is completed by 
the DC and realized through task migration and re‐
use technology (Yang XM et al., 2021; Liu SM et al., 
2023). First, two virtual tasks are introduced (the entry 
exit tasks with weight 0). Furthermore, we simplify 
the DAG to consider the repeatability between subtasks. 
Consider two user subtasks A and B (Fig. 2). In Fig. 2a, 
if subtasks A4 and B2 are the same, there is no need 
to compute repeatedly once the temporary computing 
power pool is built, where the computing results and 
computing resources are shared, so the DAG can be 
further simplified to Fig. 2b.

Whether a subtask Tm,i can start computation is 
constrained by the dependency relationship between 
subtasks; i.e., it must wait for its predecessor subtask 
(only the first-level precursor subtask is considered) 
to complete before computation. For ease of designa‐
tion, we refer to the predecessor subtask of Tm,i as 
Tpre(m,i). For example, the subtask A5 cannot be executed 
until the subtask A2 is completed, so we call TA,2 the 
precursor subtask of the subtask TA,5, i. e., Tpre(A,5) =
TA,2. There are dependent data among interdependent 
subtasks, meaning that the output of the previous 

subtask serves as the input of the current subtask, and 
its data quantity is denoted as Mpre(m,i). Therefore, the 
output of TA,2 equals the input of TA,5, which can also 
be denoted as Mpre(A,5).

If the subtask Tm,i is assigned to UAV n, χm,i,n=1; 
otherwise, it is 0. The sets of χm,i,n are called X. If Tm,i 
and Tpre(m,i) are assigned to the same UAV for process‐
ing, then the dependent data between the two tasks do 
not need to be transmitted; otherwise, the transmis‐
sion time of intermediate data needs to be considered. 
Because the UAV is in a hovering state at this time, 
the energy consumed by hovering should be consid‐
ered. The transfer time of the dependent data can be 
obtained according to Eq. (9). The data size of depen‐
dent data, Mpre(m,j), is extremely small compared to that 
of the input of users’ tasks, so the energy consump‐
tion of communication between UAVs is negligible 
(Nguyen et al., 2023; Guo et al., 2024).

3.4  Energy consumption model

3.4.1  Flight energy consumption

In the kth time slot, Liu CT et al. (2023) and Kim 
et al. (2024) denoted the flight energy consumption of 
UAV n as E f

n [ k ], and E f
n [ k ] = 0.5Mnv2 [ k ]. Mn is the 

weight of UAV n. Therefore, the total flight energy 
consumption of UAV n can be calculated by Eq. (10), 
where CFTn is the time slot in which UAV n finished 
collection tasks.

E f
n =∑

k = 1

CFTn

0.5Mnv2 [ k ] ΔT. (10)

3.4.2  Hovering energy consumption

The hovering energy consumption of UAV n can 

be calculated by phov
n =

η η

φn 2πqr2ϑ
 (He et al., 2023; 

Nguyen et al., 2023), where η is a value proportional 
to the mass of the UAV, φn is the power efficiency of  
UAV n, q is the number of rotors belonging to a sin‐
gle UAV, r is the diameter of each rotor, and ϑ is the 
density of the air.

Hovering energy consumption consists of two 
main parts. One part is generated when UAV n is wait‐
ing for other UAVs after collecting the task informa‐
tion, which is recorded as Eq. (11).

Fig. 2  DAG of the dependent task: (a) subtasks before 
merging; (b) subtasks after merging
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E h1
n = phov

n ∑
k = CFTn

SSC

kΔT. (11)

The second part occurs in the stage of comput‐
ing, which is recorded as Eq. (12).

E h2
n = phov

n ∑
k = SSC

SFC

kΔT. (12)

If the total hover energy consumption of UAV n is 
noted as E h

n , then

E h
n = E h1

n + E h2
n . (13)

The moving energy consumption of UAV n, 
E move

n , is the sum of the flight and hovering energy 
consumption:

E move
n = E f

n + E h
n . (14)

3.5  Computing energy consumption model

Similar to the computing models in other studies, 
assuming that the maximum computing frequency of 
UAV n is f max

n , the computing frequency in the kth 

time slot is represented as fn[k], and the sets of fn[k] 
are represented as F. Let Cn be the number of central 
processing unit (CPU) cycles required by UAV n to 
process 1 bit of data, so the time required to process 
1 bit of data is Cn fn [k] (Bai et al., 2022; Jang et al., 

2024; Kim et al., 2024). As in most studies, we as‐
sume that the computing energy consumed by UAV n 
per unit time is κn f 3

n [ k ], where κn is the effective 

switching capacitance of the CPU, so the energy con‐
sumed by computing 1 bit of data is κnCn fn

2 [ k ]. 

Therefore, the energy consumed by UAV n for com‐
puting the assigned subtasks can be expressed as

E c
n = ∑

k = SSC

SFCn ∑
m = 1

M ∑
i = 1

s

κn fn
2 [ k ] f max

n

·Cm ( i,n ) χm,i,n [ k ] ΔT,

(15)

where SSC represents the time slot in which UAVs 
start computing, when all the UAVs have collected the 
task information and started task linkage. SFCn indi‐
cates the time slot in which UAV n has completed com‐
puting all the assigned subtasks.

3.6  Problem formulation

Based on the idea of building a computing power 
pool, we investigate the problem P of minimizing 
the maximum weighted energy consumption by joint 
optimization of the UAV trajectory Q, communica‐
tion resource allocation B, computing resource 
allocation F, UAV–user association A, and UAV–subtask 
association X.

P: min
Α,Χ,Q,B,F

max (γE move
n + E c

n ),  ∀n ∈ { }1, 2, …, N

s.t.  (1), (4), (5), (6),

αm,n [ k ]⋅max{ }tm ⩽CFTn⩽SSC⩽SFCn⩽T,

∀m ∈{ }1, 2, …, M , n ∈{ }1, 2, …, N , αm,n [ k ]= 1,
(16)

∑
n = 1

N

αm,n [ k ]= 1,  ∀m∈{ }1, 2, …, M ,   k∈{ }1, 2, …, K ,

(17)

∑
n = 1

N

χm,i,n = 1,  ∀m ∈ { }1, 2, …, M , (18)

E move
n [ k ]+E c

n [ k ] ⩽E 0
n ,  ∀n∈{ }1, 2, …, N ,

                                      k∈{ }1, 2, …, K , (19)

where γ is the weight coefficient of the moving energy 
consumption of UAV (Zhang XC et al., 2020). Eq. (1) 
is the flight constraint; Eq. (4) ensures that the UAV 
does not waste time in unnecessary time slots; in‐
equality (5) limits the bandwidth resource constraints 
of UAVs; inequality (6) ensures the integrity of the 
collected data; inequality (16) is the causal constraint 
of time completion, i.e., the time that the UAV needs 
to ensure that the associated user tasks are collected 
before the task joint computation begins; Eq. (17) en‐
sures that each user’s task information is collected by 
only one UAV; Eq. (18) guarantees that each subtask 
is computed on only one UAV; inequality (19) is the 
energy consumption limit of the UAV.

The scheme also requires that the time for each 
UAV to collect task information is as consistent as 
possible, so is the computing process, to ensure the 
fairness of the temporary computing power pool. If 
the difference in collecting time is too large, it will 
cause the UAVs to wait too long for each other, consum‐
ing meaningless energy. Likewise, if the time gap in 
computing is too large, the UAV will exit the computing 
power pool early, and the available resources in the 
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computing power pool will be reduced, which is not 
in line with the original intention of this scheme.

4  Proposed solution

The problem is NP-hard because it is a mixed-
integer nonlinear programming (MINLP) problem, 
which includes both integer and continuous variables 
(Qin Z et al., 2021; Zhang L and Chakareski, 2022). 
Considering that the movement of UAVs can be divided 
into two main stages, namely information collection and 
task linkage, we divide the problem into two subprob‐
lems. However, the final positions of the UAVs obtained 
from the collection stage are the input of carrying 
out the task linkage, which creates some problems for 
the solution process. Thereby, we propose a two-stage 
alternate optimization algorithm to tackle this problem, 
which combines the advantages of SCA and GA. Specif‐
ically, we split problem P into two subproblems, P1 and 
P2. First, UAV–user association A, communication re‐
source allocation B, and UAV trajectory Q are obtained 
by solving problem P1. Then, UAV–subtask association 
X and computational resource allocation F are obtained 
by solving P2. The results of P1 and P2 iterate over 
each other, and finally we obtain optimal solution of 
problem P. The detailed analysis is as follows.

4.1  Optimizing UAV–user association, communication 
resource allocation, and UAV trajectory problem 
solving

In this subsection, we discuss the problem of 
jointly optimizing UAV–user association A, communi‐
cation resource allocation B, and UAV trajectory Q to 
minimize the maximum energy consumed by the UAV 
when UAV–subtask association X and the allocation 
of computational resources F are given. At this point, 
problem P can be converted to problem P1, which is 
described as follows:

P1: min
Α,Q,B

 max (γE move
n + E c

n ),  ∀n ∈ { }1, 2, …, N

s.t.  (1), (4), (5), (6), (16), (17), (19).

There are two main difficulties in solving this 
problem. The first is the UAV–user association, which is 
an integer variable, and the second is that the problem 
is non-convex. Considering that the objective function 

is the energy consumption of one of the UAVs, and that 
P1 can be converted to a single UAV energy minimiza‐
tion problem if the UAV–user association is given, we 
adopt an approach combining clustering and SCA to 
solve it.

First, we use a clustering method with weights 
to pre-assign the UAV–user. Considering that the energy 
consumption and time spent by the UAV in collecting 
information are affected by the user’s location and the 
size of the data, the clustering rule considers mainly 
these factors. We adopt the reciprocal distance between 
the user and the starting point as the weight of each 
user, and the K-means++ algorithm to initiate the 
center of mass (Bahmani et al., 2012; Hämäläinen 
et al., 2020). Then, when updating the center of mass, 
the weight is considered, so that the farther away 
from the starting point, the fewer user data are clus‐
tered (Ahmed et al., 2020).

The non-convexity of the problem is caused mainly 
by Eq. (4), where the variable log2 (1 + snr n

m [ k ]) is non-

convex with respect to l n
m [ k ]. For ease of subsequent 

derivation, we denote log2 (1 + snr n
m [ k ]) as ηn

m [ k ], 

and use the SCA method to solve it (Scutari et al., 2017).

Since ηn
m [ k ] is convex with respect to | l n

m [ k ] |2, 
its lower bound is obtained at the rth iteration:

ηn
m [ k ] ⩾ηn,r

m [ k ] - Φn
m [ k ] ( wm - qr

n [ k ]
2

               )- wm - qn [ k ]
2

 􀰛 ξ n,r
m [ q [ k ] ] ,

    (20)

where

Φn
m [ k ]= ln 2

2
⋅αPg0
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|

|
||
|
|
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|

|

|
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|
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 é
ë
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|
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.

(22)

Accordingly, Rn,r
m [ k ] = br

n,m [ k ] Bηm [ k ] denotes 

the communication rate between user m and UAV n 
during the iteration process. qr

n [ k ] denotes the hori‐

zontal position of the UAV during the iteration process. 
Φn

m [ k ] can be obtained by the derivation of ηn
m [ k ] 

on the variable | l n
m [ k ] |2.

We introduce slack variables Z = { }z n
m [ k ] ⩾0

and U ={ }un
m [ k ] ⩾0 ,  ∀m ∈{ }1, 2, …, M , n ∈ {1, 2, …,

}N , k ∈ { }1, 2, …, K . Then it can be inferred that

un
m [ k ] ⩽ξ n,r

m [ qn [ k ] ], (23)

bm,n [ k ] un
m [ k ] ⩾z n

m [ k ]. (24)

Inequality (23) can be replaced by the equiva‐

lent convex difference function, é
ë( )bm,n [ k ]+ un

m [ k ]
2

-

ù
û( )bm,n [ k ] - un

m [ k ]
2

  4. At the rth iteration, 

( )bm,n [ k ] + un
m [ k ]

2

 4 is convex, so inequality (24) 

can be transformed as

z n
m [ k ]+ ( )bm,m [ k ]- un

m [ k ]
2

 4 - [ ( )br
m,n [ k ]- un,r

m [ k ]

]·( )bm,n [ k ]- br
m,n [ k ]+ un

m [ k ]- un,r
m [ k ]   2 ⩽0.

(25)

After the above analysis, we can transform P1 
into a convex optimization problem. Therefore, we 
adopt Algorithm S1 to solve P1 (the algorithm flow 
is provided in the supplementary materials).

4.2  Optimizing UAV‒subtask association and 
computational resource allocation 

In this subsection, we discuss the problem of 
jointly optimizing the UAV–subtask association X and 
computational resource allocation F to minimize the 
maximum energy consumption of the UAV given the 
UAV – user association A, communication resource 

allocation B, and UAV trajectory Q. At this point, the 
problem P can be described as P2, which is formu‐
lated as follows:

P2: min
X, F

  max (γE move
n + E c

n ),    ∀n ∈ { }1, 2, …, N

               s.t.  (18), (19).

The size of subtasks in this scenario is large. A 
meta-heuristic algorithm has obvious advantages in 
solving large-scale problems. Therefore, we adopt an 
improved GA to solve this problem. GA is a kind of 
meta-heuristic algorithm inspired by natural selection, 
and genetic evolution. The basic idea of GA is to simu‐
late the processes of natural evolution, natural selection, 
and survival of the fittest. In the process of evolution, 
solutions with low fitness will be eliminated, and those 
with better fitness will be further reproduced, and more 
alternative solutions closer to the optimal solution will 
be derived. However, the existing GA was not suitable 
for solving our problem. Therefore, we redesigned the 
relevant operators, including coding, population initial‐
ization, and fitness function, which are included in 
Algorithm S2 (provided in the supplementary materials).

Through the above analysis, we divided the original 
problem P into two sub-problems, P1 and P2, and 
adopted Algorithms S1 and S2 respectively to itera‐
tively obtain the optimal solution. The overall algo‐
rithm is described in Algorithm S3. The algorithm de‐
scription and complexity analysis are provided in the 
supplementary materials.

5  Simulation results

We conducted a series of simulations to analyze 
the performance and effectiveness of the proposed 
method. Since the energy consumption of the UAV can 
reflect the rationality of the UAV trajectory and other 
resource allocation to a certain extent, and the objec‐
tive function is energy consumption, we focused on 
the analysis of energy consumption and execution time. 
First, to validate the superior performance of the 
proposed algorithm, we compared it with four other 
algorithms and analyzed the corresponding changes in 
energy consumption and time, as well as the effect of 
computing pool construction as the number of users 
increased (the simulation results and analysis are pro‐
vided in the supplementary materials). Then, to measure 
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the improvement of the proposed scheme in dealing 
with the trouble brought about by the subtasks with re‐
peatability and dependency, we compared it with a 
method of repeating subtasks without merging and 
analyzed changes in time and energy consumption 
indices as the number of users and repetitions increased.

5.1  Parameter setting

Similar to previous studies (Samir et al., 2020; 
Wang ZQ et al., 2022; Yang ZY et al., 2022; Fu et al., 
2023; Nguyen et al., 2023), we set an area of 1 km×
1 km, with two UAVs with a weight of 20 kg, starting 
from horizontal coordinates (0, 0) and (1000, 1000), 
respectively. Referring to Nguyen et al. (2023), the 
topology of user tasks was generated layer by layer. 
The number of subtasks in each layer was normally 
distributed. The data size of user subtasks was randomly 
generated, with a value between 1 and 8 Mb and the 
value of dependent data was between 150 and 300 kb. 
The simulation parameters are provided in the supple‐
mentary materials.

To test the performance of the proposed algo‐
rithm comprehensively, we increased the number of 
users from 10 to 50, and compared it with another 
four algorithms:

1. Queue-based algorithm. This algorithm was 
derived from the task dealing method of Yang ZY et al. 
(2022), in which a task queue model is proposed and a 
Lyapunov-based online algorithm is adopted to balance 
the task queue stack length and the energy consumption 
by UAVs.

2. Region-based algorithm. This algorithm was 
derived from Nguyen et al. (2023). The user area 
was divided geometrically and each UAV was respon‐
sible for the computing tasks in its respective area.

3. Distance-based algorithm. This algorithm was 
derived from Fu et al. (2023). The UAV–user associa‐
tion was obtained by referring to the distance-based 
clustering method. On this basis, resource allocation 
and task scheduling were further optimized to balance 
the energy consumption of the UAV.

4. Data-based algorithm. This algorithm refers to 
the method of Wang ZQ et al. (2022) for balancing 
the data volume of the UAV, with further optimization 
to the offloading strategy.

5.2  Simulation results and analysis

5.2.1  Effect of the number of users on energy 
consumption, time, and computing pool construction

We analyzed the energy consumption index of the 
UAVs. The overall result of all algorithms was that the 
total energy consumption increases as the number of 
users increases (Fig. 3). No matter how many users 
there were, compared with other algorithms, the energy 
consumption of our proposed algorithm was the lowest, 
highlighting its advantage in terms of energy consump‐
tion. Additionally, as the number of users increased, 
the performance of other algorithms became unstable.

The distance-based algorithm expended slightly 
less energy than other algorithms when the number of 
users was small, but did not maintain this trend when 
the number of users increased to 30. This was because 
the distance-based algorithm largely depends on the 
geographical distribution of users. While it can opti‐
mize the flight energy consumption of UAVs, it ignores 
the factor of data volume. Therefore, with an increas‐
ing number of users, the amount of user task data asso‐
ciated with the corresponding UAV gradually became 
unbalanced, which will lead to an increase in the cost 
of the mutual waiting and computing stages. This is 
also reflected in the UAV’s energy consumption. The 
queue-based algorithm exhibited the highest total 
energy consumption overall. This algorithm is capable 
of providing the fastest response service on demand, 
driven by the time that users propose tasks. However, 
it did not consider the geographical location and data 

Fig. 3  Total energy consumption for different numbers of 
users
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volume between users, which will lead to the phe‐
nomenon of overlapping of the trajectory of a single 
UAV. The trajectory of the UAV was not optimized and 
the flight energy loss of re-entry was large. Especial‐
ly, as the number of users grew, the performance fur‐
ther deteriorated. The region-based algorithm is great‐
ly affected by the distribution density of users. If the 
regional distribution is not balanced, the UAV energy 
consumption and time distribution will also be unbal‐
anced. A UAV with fewer tasks will have a longer 
waiting time, while a UAV with more tasks needs to 
accelerate the completion of tasks, resulting in in‐
creased energy consumption. This was not conducive 
to the construction of the computing power pool in 
terms of time and energy consumption. Due to the av‐
erage user-related data we used, the algorithm’s per‐
formance in terms of energy consumption was medi‐
ocre. The data-based algorithm had high moving en‐
ergy consumption, mainly because the distance factor 
was not considered, which prevented further optimiza‐
tion of the flight trajectory, and increased cost in the 
flight stage. The performance of indicators was simi‐
lar to that of the queue-based algorithm.

We analyzed the performance of the algorithm 
from the aspect of the time index. With an increase in 
the number of users, our proposed algorithm was the 
shortest in terms of total time, collection time, com‐
puting time, and mutual waiting time, and performed 
well in terms of the time index (Fig. 4). After analy‐
sis, we concluded that the largest difference between 
the various algorithms is the waiting time of the UAVs. 
The tasks undertaken by the UAVs for the comparison 
algorithm are not balanced, resulting in spending too 
much time waiting. The difference in time spent by 
each algorithm in the data collection and computing 
stages is not large, but our proposed algorithm has ob‐
vious advantages in the mutual waiting time of the 
UAVs (Fig. 5).

Taking the region-based algorithm as an example, 
in the case of different numbers of users, the data col‐
lection time and computing time of the UAV are shorter 
than those of other algorithms, but the corresponding 
waiting time is much higher, resulting in an increase 
in the total time. This is because the distribution of 
tasks among multiple UAVs is unbalanced, resulting 
in one of the UAVs finishing data collection prema‐
turely, spending more time and consuming more energy 
in waiting, resulting in the lowest workload of the 

UAVs but the most energy consumption. Moreover, the 
region-based algorithm depends largely on the density 
of users and the size of data. Based on the original 
long waiting time, if the newly added users happen to 
belong to the jurisdiction of the UAV, the UAV can use 
its idle time to collect these new data, so the waiting time 
will be reduced, which is why the waiting time of the 
algorithm is reduced when the number of users is 50.

The collection time of the queue-based algo‐
rithm is relatively long due to the sacrifice of energy 
consumption. However, its waiting time is relatively 
random and is affected mainly by the order of user 
tasks. The collection time of the distance-based algo‐
rithm is shorter than that of the region-based algo‐
rithm, but the waiting time is longer because the data 
volume is not considered. The waiting time of the data-
based algorithm is relatively short and close to that 
of our proposed algorithm, but its collection time is 
longer. Due to the lack of consideration of distance, 

Fig. 4  Total time consumption for different numbers of 
users

Fig. 5  UAV waiting time for different numbers of users
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the flight trajectory of the UAV is not further opti‐
mized, and the time cost eventually increases.

In summary, our proposed algorithm can ensure 
the shortest average waiting time while balancing en‐
ergy consumption, effectively ensure the fairness in 
the construction of the UAV computing power pool, 
and lay the foundation for task linkage.

5.2.2  Effect of the repetition rate

The main aim of simulations described in this 
subsection was to verify the advantages and the factors 
that affect the computing power pool. Considering a 
sample of user tasks with 12 subtasks being repeated, 
we designed two simulations to analyze the changes 
in energy consumption and time as the numbers of 
users and repetitions increased. The number of repeti‐
tions is defined as the average number of times a 
subtask is reused (only subtasks that are adopted twice 
or more times were considered). The specific analysis 
is as follows:

1. Changes in energy consumption and time as 
the number of users increases. As the number of users 
increases, the method of merging the same subtasks 
reduces the energy consumption by 21.68% and total 
computing time by 18.41% on average (Figs. 6 and 7, 
respectively). In terms of total time, with the increase 
of the number of users, the time that can be saved in‐
creases, because with the increase of the number of 
users, the repetition rate of the corresponding subtasks 
will increase, and the time for processing this part is 
reduced.

2. Changes in energy consumption and time with 
an increasing average number of repetitions. The time 
and energy consumption of methods with or without 
subtask merging tend to increase as the average 
number of repetitions increases, because increasing the 
average number of repetitions means that more users 
need to participate (Figs. 8 and 9). The time and energy 
consumption after merging the same subtasks are sig‐
nificantly reduced, and the change in computing time is 
smoother. After repeated simulations, we obtained the 
results shown in Table 1. With the increase in the aver‐
age number of repetitions, the average time growth 
rate was 15.33%, which was 11.57 percentage points 
lower than that without merging. The average growth 
rate of energy consumption was slightly higher, and 
the change of energy consumption was not as smooth 

Fig. 8  Changes of energy consumption under different 
average numbers of repetitions

Fig. 7  Changes in total time consumption of different 
numbers of users

Fig. 6  Changes in total energy consumption of different 
numbers of users
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as that of time. The main reason is that with an increase 
of the number of users, the number of subtasks with 
no repetition will also increase, and the computing 
energy consumption of these subtasks cannot be ignored. 
However, the energy consumed by the merging method 
is less than that without merging, with an average re‐
duction of 57.63 J.

In conclusion, the scheme of constructing a pro‐
visional computing power pool can effectively solve 
the dependency and repeatability problems of subtasks, 
reduce the time and energy consumption, and efficiently 
manage the limited resources of UAVs.

6  Conclusions

We studied the redundancy in resource alloca‐
tion by UAVs caused by repetitive subtasks of depen‐
dent tasks and proposed a U-MEC paradigm based on 
a computing power pool. Furthermore, considering the 
fairness of the construction of the computing power 
pool, the energy consumption of the UAV participat‐
ing in the construction was balanced by jointly optimiz‐
ing the UAV–user association, communication resources, 
computing resources, UAV–subtask association, and 

UAV trajectory, and an alternate optimization algorithm 
based on SCA and improved GA was proposed to solve 
the problem. The sharing of computing power and task 
information by UAVs in the computing power pool 
can effectively circumvent the repetition of identical 
subtasks, enhance the flexibility of task scheduling, 
and optimize the efficiency of resource allocation. 
Results from simulations showed that the proposed 
method can effectively enhance the efficiency of UAV 
task processing. On average, the execution time was 
reduced by 18.41% and the energy consumption by 
21.68%. Furthermore, the proposed method showed 
remarkable efficacy in reducing task processing time 
and energy consumption as the number of subtask 
repetitions increased. Compared to the scenario without 
repetitive tasks processing, the execution time increased 
at a gradual rate, with a reduction in growth of 11.57 
percentage points. Energy consumption was also re‐
duced by 57.63 J on average.

In future research, we intend to facilitate the par‐
ticipation of UAVs in a computing power pool. This 
would enable the UAVs to autonomously determine 
whether to contribute their computing power and, if so, 
to assess the quantity of computing power to provide 
based on the accumulated task information within the 
computing power pool. During the implementation 
phase, we will focus on addressing the issues of rule-
making and task heterogeneity in the construction of 
the computing power pool.
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