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Multi-Hop Task Routing in UAV-Assisted Mobile
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Reflective Surfaces
Yousef N. Shnaiwer, Member, IEEE, Nour Kouzayha, Member, IEEE, Mudassir Masood, Megumi Kaneko, Senior

Member, IEEE and Tareq Y. Al-Naffouri, Senior Member, IEEE

Abstract—The cooperation between Unmanned Aerial Vehicles
(UAVs) and ground Mobile Edge Computing (MEC) servers in
processing tasks is becoming one of the main research trends of
MEC networks. Despite the advantages of UAV-assisted MEC, it
is restricted by the limited battery capacity and sensitive energy
consumption of UAVs. Unlike the previous works where UAVs
are allowed to either process tasks locally or offload them to
ground MEC servers, in this paper, we propose a multi-hop task
routing solution for Internet of Things (IoT) networks in which
a UAV can also relay to another UAV with better connection
to a ground MEC server. Furthermore, the UAV can make
benefit of existing Intelligent Reflective Surfaces (IRSs) to further
improve tasks offloading and reduce energy consumption. We
show that the problem of minimizing the total energy of UAVs
is NP-hard, and we propose a graph-based heuristic solution
to solve it. Simulation results show that the proposed graph-
based solution outperforms the traditional no UAV-UAV relaying
scheme, especially when IRSs are deployed. Furthermore, a
Convolutional Neural Network (CNN) is devised to reduce the
delay of finding the decisions for the UAVs at the centralized
coordinator. Simulations show that the CNN achieves very close
energy consumption performance and a remarkable reduction in
execution time compared to the graph-based heuristic solution.

Index Terms—Mobile Edge Computing, Unmanned Aerial
Vehicles, Intelligent Reflective Surfaces, Connectivity Graph,
Convolutional Neural Network.

I. INTRODUCTION

A. Background and Motivation

The huge increase in the demand on mobile data rates,
mainly caused by the emergence of Internet of Things (IoT)
applications, has urged the research community to look for
solutions that improve latency and access speed of future cel-
lular networks [1]. Referring to Cisco’s annual internet report
(2018-2023) [2], the number of IoT connections is expected to
increase by four billion in 2023. One of the recently proposed
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technologies that can be exploited to accommodate the large
number of IoT connections is Mobile Edge Computing (MEC).

MEC has been proposed as a means of providing low-
latency, low-energy processing of tasks. The basic idea of
MEC is based on bringing the cloud servers to the edge of
the network (i.e., at the network’s access points/base stations)
closer to the IoT devices [3], [4]. Since the base stations of
mobile networks are usually located at fixed positions, the
ability of traditional MEC systems to provide low-latency
processing is limited. Thanks to the flexibility of Unmanned
Aerial Vehicles (UAVs), UAV-assisted MEC can offer more
computational capabilities in a ubiquitous manner, according
to the mobility of users and IoT devices [5]. Indeed, UAVs
are more flexible in terms of deployment, i.e., the positions of
UAVs can be changed according to the positions and density of
the IoT devices, thus allowing them to provide better services
for the maximum possible number of IoT devices. However,
due to the limited energy, the UAV has limited computation
capability and flying time. Therefore, the cooperation between
UAVs and ground MEC servers is getting more attention
from the research community. To this extent, UAV-assisted
MEC systems require a control model that optimizes task
distribution between UAVs and ground MEC servers while
minimizing processing time and energy consumption.

In this paper, we propose a novel UAV-assisted MEC system
for IoT networks, where UAVs can either locally process
their tasks, offload them to ground MEC servers, or relay
them to other UAVs. Moreover, we investigate the effect of
adding Intelligent Reflective Surfaces (IRSs) [6] to the system
close to the MEC servers. IRS is a promising technique for
controlling the propagation environments of signals in beyond
5G wireless communication systems [7]. An IRS consists of
a panel of passive reflective elements and a controller. The
controller utilizes the channel gains of the received signal and
changes the angle of reflection for every element accordingly
such that the signal is focused towards the destination. Thanks
to the advances in metamaterials technology, the reflection
coefficients of IRS elements can be reconfigured in real time,
thus allowing the IRS to adapt to the fluctuations in the
wireless channel [7]. IRSs are deployed in MEC systems
to offer the IoT devices better offloading paths to ground
MEC servers. Each IRS can be fabricated to mount differ-
ent surfaces (e.g., ground, buildings), thus providing more
flexibility of deployment [8]. Generally, since they operate
as passive reflectors, IRSs provide several advantages over
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other environment control technologies (e.g., full-duplex relays
and active metasurfaces) [9]: (i) Self-interference avoidance,
(ii) minimum hardware complexity, and (iii) minimum energy
consumption.

In our proposed system, we allow UAVs to utilize the IRS
paths to offload their tasks to ground MEC servers. Thus, every
UAV has four choices:

1) To locally process all tasks.
2) To relay some/all of the tasks to another UAV.
3) To offload some/all of the tasks to a ground MEC server

through the direct transmission path.
4) To offload some/all of the tasks to a ground MEC server

through the IRS path.
We propose to minimize the energy consumption of UAVs
by offloading as many tasks as possible to the ground MEC
servers. The problem of minimizing UAVs’ energy consump-
tion is solved in a centralized fashion, i.e., a central network
entity is responsible for finding the optimal decision for every
UAV such that the total energy consumption is minimized.

B. Related Work

1) UAV-Assisted Mobile Edge Computing: The first time
UAVs were used as relays was in [10], where the authors
proposed to maximize uplink data rates while maintaining
certain individual link data rates by optimizing UAVs’ heading
angles. Data acquisition from IoT devices to ground MEC
servers using UAVs as relays was proposed in [11]. In [12], the
locations of UAVs were optimized for relaying over millimeter
waves. The work in [13] aimed at maximizing throughput by
jointly optimizing multiple parameters of the UAV utilized as
a relay. The first paper featuring UAVs and MEC was [14],
where the processing time and energy consumption of UAV
sensors were minimized by offloading face recognition data
collected by the UAVs to ground MEC servers. In [15], the
authors proposed using UAVs as MEC servers to improve the
accuracy of recommendation systems.

A lot of research has been done related to UAV-assisted
MEC networks for a variety of objectives and applications. The
work in [16] optimized the CPU frequency and the transmit
power of UAVs by controlling their trajectory and transmit
power, and [17] optimized the service coverage of UAVs
by controlling their trajectories. In [18], [19], the sum bits
offloaded from all users to the UAV were maximized, and the
works in [20], [21] were proposed to efficiently meet delay
requirements of mobile networks by jointly optimizing several
network parameters. The schemes in [22], [23] were designed
to maximize computation efficiency, and the scheme in [24]
was devised to maximize minimum secrecy capacity. The
authors in [25] proposed a heterogeneous cloud structure for
multi-UAV systems that optimizes the power-delay trade-off
by jointly optimizing task scheduling and resource allocation
of UAVs.

A major portion of the literature focused on minimizing
the energy consumption of UAVs, users or both. The works
in [26], [27] focused on minimizing the total mobile en-
ergy consumption while maintaining users’ Quality-of-Service
(QoS) by jointly optimizing bit/slot allocation, computation,

and UAVs’ trajectory. In [28], the authors targeted minimizing
average energy consumption of both users and UAVs by jointly
optimizing computation offloading, resource allocation, task
scheduling, and UAVs’ trajectory, and the authors in [29],
[30] opted for minimizing overall UAV energy consumption
by optimizing several system features such as resource allo-
cation and UAVs’ trajectory. The authors in [31]–[33] utilized
reinforcement learning to optimize UAV’s trajectory, resource
allocation, and scheduling, respectively. A clustering-based
energy-efficient resource allocation scheme was proposed in
[34] with the objective of minimizing the total power of UAVs
and users. The authors in [35] focused on reducing users’
energy consumption while ensuring fairness by minimizing
the maximum energy consumption.

Several previous works have allowed each UAV to either
locally process the tasks offloaded to it by users or to re-
lay/offload a subset of the tasks to ground MEC servers. In
[36], a simple model consisting of only one UAV and one
ground MEC server was considered. The objective was to
minimize the weighted sum energy consumption of the UAVs
and users by optimizing computation resource scheduling,
bandwidth allocation, and UAVs’ trajectory. A more com-
plicated model, including one UAV and four ground MEC
servers, was studied in [37]. UAV’s position, the communica-
tion and computation resource allocation, and the task splitting
decisions were optimized in order to minimize the weighted
sum delay of all users and the UAV’s energy consumption.
A UAV-assisted MEC system for multiple service providers
was suggested in [38], where UAVs can join coalitions in a
distributed manner and can offload a subset of their tasks to
any server in the coalition. The objective was to optimize
the energy-delay trade-off of such a system by optimizing
offloading decisions for every UAV.

There is a limited number of papers in the literature that
addressed the effect of utilizing IRS in UAV-assisted MEC
networks. In [39], the authors proposed to utilize UAVs
to improve the security of IRS-assisted MEC networks in
addition to helping MEC severs to offload tasks. In [40],
an IRS was deployed on the UAV to improve the offloading
experience of clients in MEC networks. The authors in [41]
suggested an IRS-assisted MEC-enabled UAV network to
improve the latency of 6G Terahertz Communications. All of
the aforementioned works studied a simple model with only
one UAV. The effect of allowing the UAVs to relay tasks to
each other to maximize task offloading to ground MEC servers
in IRS-assisted UAV-MEC networks has not been addressed
in the literature.

2) Mobile Edge Computing for IoT Networks: MEC was
proposed to improve the latency performance of cellular
networks, which makes it a perfect technology for IoT ap-
plications. A lot of research work has been conducted on the
area of MEC-aided IoT networks. An energy-aware dynamic
resource allocation scheme, aimed at maximizing the energy
efficiency of UAV-assisted MEC networks, was devised in [42]
for social Internet of Vehicles (IoV) applications. The authors
in [43] proposed a distributed solution using graph theory to
maximize the number of served IoT devices while minimizing
cost. The solutions in [44]–[46] aimed at minimizing the total
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energy consumption of both the IoT devices and the UAV
by jointly optimizing multiple network parameters. The work
in [47] targeted maximizing the energy efficiency of an IoT
network by jointly optimizing UAV trajectory, IoT device
transmit power and computation load allocation; and the work
in [44] suggested a solution that minimizes the total energy
consumption of both the IoT devices and the UAV by jointly
optimizing offloading decisions, transmitted bit allocation,
and UAV trajectory. Stochastic optimization techniques were
utilized in [46] to minimize the energy consumption of UAV’s
task processing while maintaining the average queue length.

3) Discussion of the Literature: Even though the previous
works have tackled a variety of models and objectives and
utilized different problem formulation and solution techniques,
they all share one of the followings:

• The problem is solved in a distributed manner, in or-
der to avoid solving the NP-hard centralized problem.
Distributed entities have limited knowledge about the
environment. This generally leads to lower performance
due to lack of knowledge. Providing distributed entities
with the full knowledge requires much more commu-
nication overhead as compared to centralized methods.
Furthermore, relying on the local information collected
by the distributed entities results in worse performance
as compared to centralized methods [38], [48].

• The model includes only one or a limited number of
UAVs. With the increase of the number of UAVs (the
distributed entities) in the network, the gap in per-
formance between distributed and centralized methods
widens. Moreover, much more communication overhead
is needed by the distributed methods with the increase of
the number of UAVs to achieve a close performance to
the centralized ones.

• The effect of utilizing IRSs by the UAVs to offload a
subset of their tasks to the ground MEC servers is not
investigated.

Table I highlights the key aspects of the system model
and the solution of the previous works most relevant to our
work. Mainly, these works have different objectives and are
proposed for different scenarios. For instance, the work in
[38] is proposed for the case when multiple MEC service
providers co-exist and sometimes cooperate with each other in
processing the tasks. In our model, one network operator owns
all the UAVs and the ground MEC servers in the network,
and any third-party MEC service provider can rent these
temporarily to serve its clients. Furthermore, as opposed to
all of the models in the table, our proposed solutions can be
applied to an arbitrary number of UAVs/ground MEC servers,
and the problem is solved in a centralized fashion.

In this work, we present a way of solving the energy
minimization problem in a centralized fashion by using graph
theoretic methods. Solving such a centralized problem would
allow the implementation of the proposed solution for cen-
tralized network architectures such as Cloud-Radio Access
Networks (C-RANs) and to hybrid centralized/distributed Fog-
Radio Access Networks (F-RANs). Furthermore, this is the
first work that introduces the option of allowing the UAVs to
either locally process the tasks, relay them to other UAVs, or

TABLE I
KEY ASPECTS OF MOST-RELEVANT PREVIOUS WORKS

Reference # UAVs # Ground MECs Offloading/Relaying Solution

[36] 1 1
UAV offloads to
ground MEC Centralized

[37] 1 4
UAV offloads to
ground MECs Centralized

[38] Arbitrary Arbitrary

UAVs relay/offload
to other UAVs
and/or ground
MECs in the
coalition

Distributed

Proposed Arbitrary Arbitrary

UAVs relay/offload
to each other
and/or ground
MECs

Centralized

offload them to the ground MEC servers directly or through
IRSs.

It is worth mentioning here that the system proposed in this
work is different from UAV cooperation schemes. In UAV
cooperation schemes, the UAVs need to share information
among themselves constantly, which requires a lot of commu-
nication overhead to achieve high performance. In contrast, our
proposed system requires the UAVs to send their information
to the central Network Coordinator (NC), which requires much
less communication overhead to achieve the same performance
as in the UAV cooperation scheme.
C. Contributions and Paper Organization

Inspired by the aforementioned discussion of previous
works, we aim to devise a multi-hop task routing solution that
reduces the overall energy consumption of UAVs in a UAV-
assisted MEC system and is suitable for IoT applications. We
assume that the UAVs and ground MEC servers belong to
the same mobile network which has a centralized structure
(e.g., C-RANs [49]). Thus, a central NC collects information
from the UAVs and uses this information to decide for every
UAV whether it should locally process its tasks, relay them
to another UAV, or offload them to a ground MEC server.
IRSs are deployed to improve and control the channels utilized
by the IoT devices to offload tasks to ground MEC servers.
Furthermore, UAVs are allowed to utilize the IRSs to improve
their transmission channels to the ground MEC servers. To the
best of the authors’ knowledge, this is the first work that pro-
poses tasks relaying between UAVs in a UAV and IRS-assisted
MEC system to further reduce the energy consumption. The
main contributions of this paper can be summarized as follows:

1) We propose a novel UAV and IRS-assisted MEC system
where UAVs are allowed to either process their tasks
locally, relay them to other UAVs or offload them to
ground MEC servers directly or through IRSs.

2) We construct an Energy Flow Diagram (EFD), which
shows all the possible transmission paths among UAVs
and between UAVs and ground MEC servers. We utilize
the EFD to build a connectivity graph that is used to
formulate the problem of UAV energy minimization in
MEC networks as a minimum weighted clique search
problem, thus proving its NP-hardness.

3) We solve the problem using a minimum weight vertex
search heuristic which has a quadratic order of complex-
ity in the number of vertices in the connectivity graph.
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Fig. 1. Network model of interest. Every UAV can either locally process the
tasks requested by the IoT devices, relay them to another UAV, or offload
them to a MEC server directly or through an IRS.

4) In order to make the proposed relaying scheme more
suitable for IoT applications, we use a Convolutional
Neural Network (CNN) that reduces the complexity of
the graph-based solution. A simple example CNN is
devised and compared in terms of energy consumption
and execution time to the graph-based heuristic.

5) We conduct extensive computer simulations, which show
a significant reduction in energy as a result of utilizing
our scheme as compared to the traditional schemes in
which UAVs are not allowed to relay to each other.
Moreover, the proposed CNN solution achieves a close
energy consumption performance to the graph-based
solution and a significant reduction in execution time.

The rest of this paper is organized as follows. The system
model is demonstrated in Section II. The problem is formu-
lated in Section III. The proposed solutions are detailed in
Section IV. The simulation results are presented and discussed
in Section V, and the paper concludes with Section VI.

II. SYSTEM MODEL

In this section, the network, computation, and communi-
cation models of interest are discussed, and the necessary
equations are listed. The main parameters used in this paper
are listed in Table II.

A. Network Model

An example of the model of interest is shown in Fig. 1.
The model consists of a set M of 𝑀 ground MEC servers,
a set S of 𝑆 UAV servers, and one central NC with cloud
processing capabilities. IoT devices request to offload tasks to
UAVs or ground MEC servers. Every IoT device offloads its
tasks to the closest UAV/MEC server. A task can be offloaded
by an IoT device to a ground MEC server either directly or
through an IRS [6]. It is assumed that all tasks have the same
size/complexity, and tasks with larger size are partitioned by
each IoT device into equally sized tasks1. For a given time
frame, the number of tasks assigned to UAV 𝑠𝑖 is denoted by
𝑁𝑠𝑖 , and the number of tasks assigned to ground MEC server

1It should be noted here that this is not usually the case in practice.
However, this serves the purpose of this study which is to study the effect
of IRS and UAV relaying on the total energy consumption of the UAVs. An
example of a framework that is based on dividing the tasks into equally sized
ones is given in [50].

TABLE II
SYSTEM PARAMETERS

Variable Reference

𝐶𝑅𝑠𝑖 Congestion ratio of UAV 𝑠𝑖

𝐶𝑅𝑚 𝑗
Congestion ratio of ground MEC server 𝑚 𝑗

𝑁𝑠𝑖 Number of tasks offloaded to UAV 𝑠𝑖

𝑁𝑚 𝑗
Number of tasks offloaded to ground MEC server 𝑚 𝑗

𝑁
(𝑚𝑎𝑥)
𝑠 Max. number of tasks per frame that can be processed by each

UAV

𝑁
(𝑚𝑎𝑥)
𝑚 Max. number of tasks per frame that can be processed by each

ground MEC server

𝑇𝑢 UAV’s Task processing slot width (Seconds)

𝑇𝑚 Ground MEC server’s Task processing slot width (Seconds)

𝑇
(𝐻𝑂)
𝑘

Hovering time of UAV 𝑠𝑘

𝜏 Task size (Bits)

𝑐 Task complexity (Cycles/Bit)

𝑓𝑢 CPU frequency for each UAV (Cycles/Second)

𝑓𝑚 CPU frequency for each ground MEC server (Cycles/Second)

𝑅𝑢 The min. rate needed by each UAV to relay a task during 𝑇𝑢
(Bits/Second)

𝑟𝑠𝑖 ,𝑠 𝑗 Max. achievable rate on the channel from UAV 𝑠𝑖 to 𝑠 𝑗
(Bits/Second)

𝑟𝑠𝑘 ,𝑚𝑙
Max. achievable rate on the channel from UAV 𝑠𝑘 to ground
MEC 𝑚𝑙 (Bits/Second)

𝑟𝑠𝑘 ,𝑚𝑙
Max. achievable rate on the channel from UAV 𝑠𝑘 to ground
MEC 𝑚𝑙 through IRS (Bits/Second)

𝑃𝑖, 𝑗 The transmit power level on the channel from UAV 𝑠𝑖 to 𝑠 𝑗
(Watts)

�̃�𝑘,𝑙 The transmit power level on the channel from UAV 𝑠𝑖 to
ground MEC 𝑚𝑙 (Watts)

�̃�
(𝐼𝑅𝑆)
𝑘,𝑙

The transmit power level on the channel from UAV 𝑠𝑖 to
ground MEC 𝑚𝑙 through IRS (Watts)

𝑃 (𝐻𝑂) UAV’s hovering power (Watts)

ℎ𝑖, 𝑗 Complex channel gain of the channel from UAV 𝑠𝑖 to 𝑠 𝑗

ℎ̃𝑘,𝑙 Complex channel gain of the channel from UAV 𝑠𝑘 to ground
MEC 𝑚𝑙

ℎ𝑘 Complex channel gain of the channel from UAV 𝑠𝑘 to the IRS

ℎ𝑙 Complex channel gain of the channel from the IRS to ground
MEC 𝑚𝑙

𝑊 Channel bandwidth (Hz)

𝑁𝑜 Noise power spectral density (Watts/Hz)

𝛼0 Gain at the reference distance

𝐻 Height of every UAV (Meters)

𝑄𝑠𝑖 Location of UAV 𝑠𝑖

𝑄𝑚𝑙
Location of ground MEC 𝑚𝑙

𝛽 The path loss exponent

𝛾 The reflection coefficient of each IRS element

𝛼 The weight coefficient

𝑁 The number of IRS elements

^ The effective switched capacitance

𝐸 (𝐿𝑃) Energy required to locally process one task (Joules)

𝐸
(𝑅𝐿)
𝑖, 𝑗

Energy required to relay one task from UAV 𝑠𝑖 to 𝑠 𝑗 (Joules)

𝐸
(𝑂𝐹)
𝑘,𝑙

Energy required to offload one task from UAV 𝑠𝑘 to ground
MEC 𝑚𝑙 (Joules)

𝐸
(𝐻𝑂)
𝑘

Hovering energy of UAV 𝑠𝑘

𝐸
(𝑀𝑂)
𝑘

Movement energy of UAV 𝑠𝑘

𝐸𝑘 |𝑝𝑘
The total energy consumed by UAV 𝑠𝑘 when using energy
flow path 𝑝𝑘 to relay tasks (Joules)

𝑚 𝑗 is 𝑁𝑚 𝑗
. The maximum number of tasks per frame that can

be served by every UAV is a constant denoted by 𝑁
(𝑚𝑎𝑥 )
𝑠 , and

the maximum number of tasks per frame that can be served
by every ground MEC server is 𝑁

(𝑚𝑎𝑥 )
𝑚 . Every UAV has four

choices, namely, either to process the tasks requested by the
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Fig. 2. An illustration of the assumed time frames and protocol phases.

nearby IoT device locally, to relay these tasks to other UAVs,
or to offload them to one of the ground MEC servers directly
or through its closest IRS. The number of tasks relayed to UAV
𝑠𝑖 is denoted by 𝑁

(𝑅𝐿)
𝑠𝑖 , and the number of tasks offloaded to

ground MEC 𝑚 𝑗 is denoted by 𝑁
(𝑂𝐹 )
𝑚 𝑗

. The decision for any
UAV to relay, offload or locally process its tasks is made at
the NC, using the methods described in Section IV, based on
the number of tasks assigned to each UAV and ground MEC
server and the channel gains between every UAV and other
UAVs and ground MEC servers. After receiving the requests,
every UAV and ground MEC server calculates its Congestion
Ratio (CR) as follows

𝐶𝑅𝑠𝑖 =
𝑁𝑠𝑖

𝑁
(𝑚𝑎𝑥 )
𝑠

𝐶𝑅𝑚 𝑗
=

𝑁𝑚 𝑗

𝑁
(𝑚𝑎𝑥 )
𝑚

.

(1)

The UAV/ground MEC servers send this information along
with their positions to the NC before starting to process their
tasks. The NC uses this information to determine for all UAVs
what to do with their tasks in the next frame (as will be
discussed in Section IV), and sends these decisions to the
UAVs. Fig. 2 illustrates the time frames and protocol phases
that are assumed in this system model. At the initialization
step, every UAV/ground MEC server sends its position to the
NC. As shown in the figure, every frame is divided into three
phases:

• In the first phase, the IoT devices send their requests to
the closest UAV/ground MEC server.

• In the second phase, the UAVs/ground MEC servers
calculate their CRs and send them to the NC. The NC
utilizes this information and the positions of the UAVs
and ground MEC servers to estimate the energy cost per
task of every possible transmission path among UAVs
and between UAVs and ground MEC servers (using the
equations in Section II-B). Based on the energy per task
costs, the NC decides for every UAV whether to locally
process its assigned tasks, relay them to another UAV, or
offload them to a ground MEC server. The NC sends the
decisions to the UAVs.

• In phase three, every UAV and ground MEC server starts
processing/relaying its tasks accordingly.

If the UAVs are following an optimized trajectory [21]2,

2Our system starts after the tasks get offloaded by the IoTs to the UAVs
and the ground MEC servers. Thus, optimizing some of the system parameters
such as UAV’s trajectory, IRS’s phase shifts, and IoTs offloading ratios is done
in a previous phase to our system and is not the focus of this study.

they need to update their positions to the NC during the Update
phase. Assuming the complexity and size of each task to be
𝑐 cycles/bit and 𝜏 bits, respectively, the processing window
per task at each UAV/ground MEC server is written as

𝑇𝑢 =
𝜏𝑐

𝑓𝑢

𝑇𝑚 =
𝜏𝑐

𝑓𝑚
,

(2)

where 𝑓𝑢 and 𝑓𝑚 are the CPU frequencies of each UAV
and ground MEC server, respectively. To guarantee that the
relaying/offloading of tasks does not exceed the time allocated
for the frame, the rate of transmission 𝑅𝑢 used by the UAV is
constrained by the processing window for each task

𝑅𝑢 =
𝜏

𝑇𝑢
. (3)

B. Communication and Energy Consumption Models

In this work, we focus on the communication among the
UAVs and between the UAVs and the ground MEC servers
for relaying and offloading purposes.

1) UAV-UAV and UAV-MEC Communication Channels:
The UAV-UAV and UAV-MEC communication rates can be
calculated as follows

𝑟𝑠𝑖 ,𝑠 𝑗 = 𝑊 log2

(
1 +

𝑃𝑖, 𝑗 | |ℎ𝑖, 𝑗 | |2

𝑊𝑁𝑜 + 𝐼 𝑗

)
𝑟𝑠𝑘 ,𝑚𝑙

= 𝑊 log2

(
1 +

�̃�𝑘,𝑙 | | ℎ̃𝑘,𝑙 | |2
𝑊𝑁𝑜 + 𝐼𝑙

)
,

(4)

where 𝑊 is the bandwidth allocated to every UAV for relay-
ing/offloading and is assumed to be the same for all UAVs;
𝑃𝑖, 𝑗 and �̃�𝑘,𝑙 are the transmit powers of UAV 𝑠𝑖 on the channel
to UAV 𝑠 𝑗 and from UAV 𝑠𝑘 to ground MEC server 𝑚𝑙 ,
respectively; ℎ𝑖, 𝑗 and ℎ̃𝑘,𝑙 are the complex channel gains from
UAV 𝑠𝑖 to UAV 𝑠 𝑗 and from UAV 𝑠𝑘 to MEC server 𝑚𝑙 ,
respectively; 𝑁𝑜 is the power spectral density of the AWGN
noise, and 𝐼 𝑗 =

∑
𝑠𝑞∈I(𝑠 𝑗 ) 𝑃𝑞 | |ℎ𝑞, 𝑗 | |2 denotes the interference

power received by UAV 𝑠 𝑗 where I(𝑠𝑖) denotes the set of
UAVs interfering with the signal received by UAV 𝑠 𝑗 , and 𝑃𝑞

is the transmit power of UAV 𝑠𝑞 .
The Line-of-Sight (LoS) components of the channels among

UAVs and between UAVs and ground MEC servers are written
as

| |ℎ𝑖, 𝑗 | |2 =
𝛼0

| |𝑄𝑠𝑖 −𝑄𝑠 𝑗 | |𝛽

| | ℎ̃𝑘,𝑙 | |2 =
𝛼0

| |𝑄𝑠𝑘 −𝑄𝑚𝑙
| |𝛽 ,

(5)

where 𝛼0 is the channel gain calculated at the reference
distance, 𝑄𝑠𝑖 = (𝑥𝑖 , 𝑦𝑖 , 𝐻) is the position of UAV 𝑠𝑖 , 𝑄𝑚𝑙

=

(𝑥𝑙 , �̃�𝑙 , 0) is the position of ground MEC server 𝑚𝑙 , and 𝛽 is
the path loss exponent. Except for the UAV-UAV link, which
can be assumed to be LoS only due to the high altitudes of
the UAVs, all the channels considered in this work follow the
hybrid LoS/Non-LoS (NLoS) model [51]

ℎ =

√︂
𝜖

1 + 𝜖
ℎ𝐿𝑜𝑆 +

√︂
1

1 + 𝜖
|ℎ𝐿𝑜𝑆 |ℎ𝑁𝐿𝑜𝑆 , (6)
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where 𝜖 is the Rician factor, ℎ𝑁𝐿𝑜𝑆 ∼ CN(0, 1) denotes the
NLoS component, ℎ𝐿𝑜𝑆 is the LoS component which, for
instance, can be calculated using the second term in (5) for
the UAV-MEC direct channel case.

We assume that each UAV transmits at a fixed rate 𝑅𝑢

that can be determined using (3), and calculates the required
transmission power to achieve that rate from (4) as follows

𝑃𝑖, 𝑗 = (2𝑅𝑢/𝑊 − 1)
𝑊𝑁𝑜 + 𝐼 𝑗

| |ℎ𝑖, 𝑗 | |2

�̃�𝑘,𝑙 = (2𝑅𝑢/𝑊 − 1)𝑊𝑁𝑜 + 𝐼𝑙

| | ℎ̃𝑘,𝑙 | |2
.

(7)

2) IRS-Assisted UAV-MEC Communication Channel: An
IRS is a collection of passive reflecting elements with reflec-
tion coefficients that can be tuned to focus the received signal
onto a certain desired direction. The most common IRS signal
model is based on the two following assumptions. First, all
IRS elements reflect the incident signal independently. Second,
only first-time signal reflection by the IRS is considered.
Given these two assumptions, the received signal from all IRS
elements is modeled as the superposition of their respective
signals. Thus, the signal received at ground MEC server 𝑚𝑙

from UAV 𝑠𝑘 is given by [52]

�̃�𝑘,𝑙 = h𝐻
𝑙 Φg𝑘

√︃
�̃�
(𝐼𝑅𝑆)
𝑘,𝑙

𝑥 + 𝑛, (8)

where h𝐻
𝑙

= [ℎ1,𝑙 , . . . , ℎ𝑁,𝑙] is the vector of channel gains
from each IRS element to the ground MEC server, Φ =

𝛾diag(exp 𝑗\1, . . . , exp 𝑗\𝑁 ) is the diagonal matrix contain-
ing the reflection coefficients of the IRS elements (where
𝛾 ∈ (0, 1] is the reflection coefficient of the IRS, 𝑗 is the
imaginary unit number), g𝑘 = [𝑔𝑘,1, . . . , 𝑔𝑘,𝑁 ]𝑇 is the vector
of channel gains from UAV 𝑠𝑘 to each IRS elements, and 𝑛 is
an AWGN noise. When the direct path from the UAV to the
ground MEC server is not blocked, the total received baseband
signal at the ground MEC server is modeled as

�̃�𝑘,𝑙 = ℎ̃𝑘,𝑙 + h𝐻
𝑙 Φg𝑘

√︃
�̃�
(𝐼𝑅𝑆)
𝑘,𝑙

𝑥 + 𝑛, (9)

where ℎ̃𝑘,𝑙 is the gain of the direct channel from UAV 𝑠𝑘 to
ground MEC server 𝑚𝑙 .

Assuming the phase shifts of the IRS elements are perfectly
optimized3, the achievable rate on the channel from UAV 𝑠𝑘
through the IRS to ground MEC server 𝑚𝑙 can be written as
[54]

𝑟𝑠𝑘 ,𝑚𝑙
= 𝑊 log2

©«1 +
�̃�
(𝐼𝑅𝑆)
𝑘,𝑙

( | ℎ̃𝑘,𝑙 | + 𝛾 |∑𝑁
𝑖=1 𝑔𝑘,𝑖ℎ𝑖,𝑙 |)2

𝑊𝑁𝑜 + 𝐼𝑙

ª®¬ ,
(10)

where ℎ̃𝑘,𝑙 is the complex channel gain from UAV 𝑠𝑘 to the
ground MEC server 𝑚𝑙 as calculated in (6), ℎ̂𝑙 is the complex
channel gain from the IRS to ground MEC server 𝑚𝑙 , and 𝑁

is the number of elements in the IRS. From (10), the power

3This requires perfect knowledge of the channel. Channel estimation in
IRS-assisted wireless networks is still a challenge, but one way to implement
it is the one proposed in [53].

level �̃�
(𝐼𝑅𝑆)
𝑘,𝑙

needed to achieve a rate 𝑅𝑢 when UAV 𝑠𝑘 is
offloading to ground MEC server 𝑚𝑙 through the IRS is

�̃�
(𝐼𝑅𝑆)
𝑘,𝑙

= (2𝑅𝑢/𝑊 − 1) 𝑊𝑁𝑜 + 𝐼𝑙

( | ℎ̃𝑘,𝑙 | + 𝛾 |∑𝑁
𝑖=1 𝑔𝑘,𝑖ℎ𝑖,𝑙 |)2

. (11)

3) Energy Consumption Model: Using (7) and (11), the
needed power level to achieve a rate 𝑅𝑢 on the channel from
UAV 𝑠𝑘 to ground MEC server 𝑚𝑙 can be generally written as

�̂�𝑘,𝑙 =


�̃�𝑘,𝑙 , (a)

�̃�
(𝐼𝑅𝑆)
𝑘,𝑙

, (b),
(12)

where (a) represents the case when the UAV offloads directly
to the ground MEC server, and (b) is the case when the UAV
offloads to the ground MEC server through the IRS.

Assuming all UAVs have the same CPU frequency 𝑓𝑢,
the UAV energy consumption per task for local processing,
relaying and offloading, denoted as 𝐸 (𝐿𝑃) , 𝐸 (𝑅𝐿)

𝑖, 𝑗
and 𝐸

(𝑂𝐹 )
𝑘,𝑙

,
respectively, can be determined using the following equations
[55]:

𝐸 (𝐿𝑃) = ^( 𝑓𝑢)3𝑇𝑢,

𝐸
(𝑅𝐿)
𝑖, 𝑗

= 𝑃𝑖, 𝑗𝑇𝑢,

𝐸
(𝑂𝐹 )
𝑘,𝑙

= �̂�𝑘,𝑙𝑇𝑢,

(13)

where ^ is the effective switched capacitance, and ^( 𝑓𝑢)3

represents the UAV’s CPU power consumption model for
local processing [56]. In case the UAVs are moving according
to some optimized trajectory, then the total energy due to
the movement of each UAV 𝑠𝑘 and its hovering during task
processing/transmission time is written as

�̂�𝑘 = 𝐸
(𝐻𝑂)
𝑘

+ 𝐸
(𝑀𝑂)
𝑘

, (14)

where 𝐸
(𝑀𝑂)
𝑘

is the energy consumed by UAV 𝑠𝑘 due to
movement which depends on the trajectory of the UAV, and
𝐸

(𝐻𝑂)
𝑘

is the energy consumed by UAV 𝑠𝑘 due to hovering
which can be calculated as [57]

𝐸
(𝐻𝑂)
𝑘

= 𝛼𝑃 (𝐻𝑂)𝑇 (𝐻𝑂)
𝑘

, (15)

where 𝛼 is the weight coefficient, 𝑃 (𝐻𝑂) is the hovering
power, and 𝑇

(𝐻𝑂)
𝑘

is the hovering time for UAV 𝑠𝑘 . The total
energy consumed by UAV 𝑠𝑘 is written as

𝐸𝑘 = �̂�𝑘 + �̃�𝑘 , (16)

where �̃�𝑘 is calculated using (13) based on whether the UAV
locally processes, relays, or offloads the tasks. A more specific
definition of �̃�𝑘 is provided in next section that is more
suitable for the problem formulation of interest in this work
(see Eq. (17) in Section III-A).

III. PROBLEM FORMULATION

A. Energy Flow Diagram (EFD)

The first step to formulate the UAVs energy minimization
problem for the considered UAV-assisted MEC network with
IRS is to construct the EFD. The EFD is defined as a model of
the network showing all possible energy flow paths between

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JIOT.2022.3228863

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: KAUST. Downloaded on December 15,2022 at 06:41:45 UTC from IEEE Xplore.  Restrictions apply. 



7

Fig. 3. The EFD for the example in Fig. 1 showing all energy flow paths
including the paths that go through each IRS shown as green arrows.

UAVs themselves and from UAVs to ground MEC servers.
An energy flow path is a path through which a UAV can
locally process, relay, or offload a task. Fig. 3 shows the
EFD for the example in Fig. 1. The fractional numbers beside
every UAV/ground MEC represent the CRs, and the numbers
next to every path represent the energy needed to deliver one
task over that path in Joule. For simplicity purposes, it is
assumed that the energy values in this example include both
the transmission/local processing and the hovering energies.
The energy values in this example are chosen based on the
assumption that processing the tasks locally requires more
energy than transmitting them through Line-of-Sight (LoS)
channels (i.e., between UAVs or from a UAV to a ground
MEC server through an IRS), but requires less energy than
transmitting them through direct paths between UAVs and
ground MEC servers through non-LoS channels. The green
paths show transmissions through the IRS. The paths returning
to the same UAV imply local processing of the task. It can
be noticed that there are two possible paths from a UAV to
the ground MEC server closest to it, namely, the direct path
which might be blocked by obstacles, and the LoS path that
goes through the IRS and requires less energy consumption
in the shown example. Generally, the path that requires higher
energy consumption can be removed from the EFD to simplify
it. In the case where the UAVs change positions at each frame,
the two paths can be kept in the EFD resulting in a more
complicated problem to solve.

Fig. 4 shows the simplified EFD for the example in Fig. 1
after removing the paths requiring higher energy. To find
the solution of this diagram, we calculate the total energy
consumption of all UAVs resulting from every possible de-
cision by the NC. The solutions of every possible NC’s
decision are shown in Table III. The pairs in the table
describe certain energy flow paths on the EFD. For instance,
the solution {𝑠1, 𝑚2}, {𝑠2, 𝑠2} represents the case when UAV
𝑠1 offloads tasks to ground MEC server 𝑚2

4, and UAV 𝑠2
locally processes all of its tasks. It can be noticed that the

4UAVs offload as many tasks as the CR of the ground MEC server allows
and they locally process the rest of the tasks. For example, if the pair {𝑠1, 𝑚1}
is chosen as part of the solution, then UAV 𝑠1 offloads one task to ground
MEC server 𝑚1 and it locally processes the other task.

Fig. 4. The simplified EFD for the example in Fig. 1 after removing the paths
with higher energy and keeping the ones going through the IRSs.

solution {𝑠1, 𝑠2}, {𝑠2, 𝑚2} that requires 1.5 J is the one that
minimizes the energy consumption of all UAVs for the EFD
in Fig. 4. We take the optimal solution as an example of
calculating the total energy consumption for a given decision.
In the optimal solution, UAV 𝑠1 relays to UAV 𝑠2, which
can only receive one task, so 𝑠1 relays only one task to
𝑠2 and processes the second task locally. Thus, the total
energy consumed by 𝑠1 is 1+0.1=1.1 J. On the other hand,
𝑠2 offloads to ground MEC 𝑚2 which can process three more
tasks, so 𝑠2 sends the task relayed from 𝑠1 and its own task
to 𝑚2, consuming 0.2+0.2=0.4 J in the process. Hence, the
total energy consumed by all UAVs is 1.1+0.4=1.5 J. The
calculation of the total energy of UAV 𝑠𝑖 depends on whether it
relays tasks to UAV 𝑠 𝑗 , offloads tasks to ground MEC server
𝑚𝑘 , or processes all tasks offloaded to it locally. Generally,
denoting 𝐴𝑠 𝑗 = 𝑁

(𝑚𝑎𝑥 )
𝑠 (1 − 𝐶𝑅𝑠 𝑗 ) as the number of available

processing slots at UAV 𝑠 𝑗 and 𝐴𝑚𝑘
= 𝑁

(𝑚𝑎𝑥 )
𝑚 (1 − 𝐶𝑅𝑚𝑘

) as
the number of available processing slots at ground MEC server
𝑚𝑘 , the total energy �̃�𝑖 | 𝑝𝑖 expected to be consumed by UAV
𝑠𝑖 when choosing the energy flow path 𝑝𝑖 can be estimated as

�̃�𝑖 | 𝑝𝑖 =


𝐴𝑠 𝑗𝐸

(𝑅𝐿)
𝑖, 𝑗 | 𝑝𝑖 + (𝑁𝑠𝑖 − 𝐴𝑠 𝑗 )𝐸 (𝐿𝑃) , (a)

𝐴𝑚𝑘
𝐸

(𝑂𝐹 )
𝑖,𝑘 | 𝑝𝑖 + (𝑁𝑠𝑖 − 𝐴𝑚𝑘

)𝐸 (𝐿𝑃) , (b)

𝑁𝑠𝑖𝐸
(𝐿𝑃) , (c),

(17)

where (a) is the case when UAV 𝑠𝑖 relays a subset of its
tasks to UAV 𝑠 𝑗 , (b) is the case when UAV 𝑠𝑖 offloads a
subset of its tasks to ground MEC server 𝑚𝑘 , and (c) is the
case when the UAV processes all of its tasks locally. Here,
choosing a certain energy flow path for offloading/relaying
affects the channel gain and energy consumption calculated
using (5) and (13), respectively. It is also worth noting here
that the energy calculated in (17) represents the expected
total transmission and local processing energy consumption for
every UAV during the third phase of the protocol explained
in Section II-A. It can be observed from Table III that the
hybrid solution where 𝑠1 relays to 𝑠2 and 𝑠2 offloads to 𝑚2
is better than the solution where every UAV locally processes
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TABLE III
ALL POSSIBLE SOLUTIONS OF THE EFD IN FIG. 4 AND THE

CORRESPONDING TOTAL UAV TRANSMISSION/LOCAL PROCESSING AND
HOVERING ENERGY CONSUMPTION

Solution Energy Solution Energy
{𝑠1, 𝑠1}, {𝑠2, 𝑠2} 3 {𝑠1, 𝑚2}, {𝑠2, 𝑠2} 4
{𝑠1, 𝑠1}, {𝑠2, 𝑚2} 2.2 {𝑠1, 𝑚2}, {𝑠2, 𝑚2} 3.2
{𝑠1, 𝑠1}, {𝑠2, 𝑚1} 3.6 {𝑠1, 𝑚2}, {𝑠2, 𝑚1} 4.6
{𝑠1, 𝑚1}, {𝑠2, 𝑠2} 2.6 {𝑠1, 𝑠2}, {𝑠2, 𝑠2} 3.1
{𝑠1, 𝑚1}, {𝑠2, 𝑚2} 1.8 {𝑠1, 𝑠2}, {𝑠2, 𝑚2} 1.5
{𝑠1, 𝑚1}, {𝑠2, 𝑚1} 3.2 {𝑠1, 𝑠2}, {𝑠2, 𝑚1} 4.3

its tasks or the solution where every UAV offloads its tasks to
the closest ground MEC server.

Given the EFD in Fig. 4, the problem of minimizing the total
energy consumption of UAVs in UAV-assisted MEC networks
with IRS can be formulated as follows. Denote P as the set
of all energy flow paths and 𝑝𝑎,𝑏 ∈ P as the energy flow
path from server 𝑎 to server 𝑏, where 𝑎 ∈ {𝑠1, . . . , 𝑠𝑆} and
𝑏 ∈ {𝑠1, . . . , 𝑠𝑆 , 𝑚1, . . . , 𝑚𝑀 }, the number of possible energy
flow paths for UAV 𝑠𝑖 is 𝐿𝑖 , and the total number of paths is
𝐿 =

∑𝑆
𝑖=1 𝐿𝑖 . During every frame, the objective is to find the

set of energy flow paths {𝑝1, 𝑝2, . . . , 𝑝𝑆} that minimizes the
energy consumption of all UAVs, i.e.,

(𝑝1, 𝑝2, . . . , 𝑝𝑆)★ = arg min
∀𝑝𝑎,𝑏∈P

𝑆∑︁
𝑘=1

𝐸𝑘 | 𝑝𝑘
(18a)

s.t. 𝐸𝑘 | 𝑝𝑘
≤ 𝐸𝑚𝑎𝑥 , ∀𝑘 ∈ {1, . . . , 𝑆} (18b)

𝑁𝑠𝑘 + 𝑁
(𝑅𝐿)
𝑠𝑘 ≤ 𝑁

(𝑚𝑎𝑥 )
𝑠 , ∀𝑘 ∈ {1, . . . , 𝑆} (18c)

𝑁𝑚𝑙
+ 𝑁

(𝑂𝐹 )
𝑚𝑙

≤ 𝑁
(𝑚𝑎𝑥 )
𝑚 , ∀𝑙 ∈ {1, . . . , 𝑀} (18d)

𝐿𝑖∑︁
𝑗=1

𝑑𝑖, 𝑗 = 1, ∀𝑖 ∈ {1, . . . , 𝑆} (18e)

𝑆∑︁
𝑖=1

𝑑𝑖, 𝑗 = 1, ∀ 𝑗 ∈ {1, . . . , 𝑆}, (18f)

where 𝐸𝑘 | 𝑝𝑘
is the total energy consumption of UAV 𝑘 given

energy path 𝑝𝑘 calculated using (16) by substituting the second
term in (16) with (17); 𝑁 (𝑅𝐿)

𝑠𝑘 is the number of tasks relayed
to UAV 𝑘 , 𝑁 (𝑂𝐹 )

𝑚𝑙
is the number of tasks offloaded to ground

MEC server 𝑚𝑙 , and 𝑑𝑖, 𝑗 is a binary variable that is equal to
one if the energy flow path 𝑝𝑖, 𝑗 is chosen as the optimal path
𝑝𝑖 for UAV 𝑠𝑖 . The constraints in (18b) maintain that the total
energy resulting from choosing a path for any UAV should
not exceed its energy budget per frame. The constraints in
(18c) and (18d) ensure that the total number of tasks assigned
to a UAV or a ground MEC server does not exceed the
maximum number of tasks it can process per frame. Finally,
the constraints in (18e) and (18f) maintain that every UAV
transmits using one path only, and it can only receive from one
path, which helps avoiding collisions when the outputs of the
tasks are returned. Constraints (18e) and (18f) also ensure that
tasks are received using one path at each frame for each UAV,
which avoids the trivial solution of zero energy consumption.
Moreover, the constraints in (18e) and (18f) maintain that the
size of any solution of (18) is fixed and is equal to the total
number of UAVs in the network. This helps to devise a solution
that is in line with our objective of minimizing the total energy

consumption by the UAVs, as will be discussed in Section
IV-A.

In the following section, we utilize the diagram in Fig. 4
to construct a connectivity graph that will be used to prove
the NP-hardness of the problem in (18) and devise a heuristic
solution to it.

B. Graph-Based Formulation

Theorem 1. The problem in (18) is NP-hard.

Proof. To prove the NP-hardness of (18) we use the EFD
in Fig. 4 to construct a connectivity graph as follows. The
graph is defined as G(V, E), where V and E are the
sets of all vertices and all edges in the graph G, respec-
tively. Every path 𝑝𝑎,𝑏 (where 𝑎 ∈ {𝑠1, . . . , 𝑠𝑆} and 𝑏 ∈
{𝑠1, . . . , 𝑠𝑆 , 𝑚1, . . . , 𝑚𝑀 }) induces a vertex 𝑣𝑎,𝑏 in the graph
which represents UAV 𝑎 relaying tasks to UAV 𝑏, or offloading
tasks to ground MEC server 𝑏. Two vertices 𝑣𝑎,𝑏 and �̃�𝑎′ ,𝑏′

are connected by an edge if they represent energy paths that
can be part of the same solution, i.e., if

1) 𝑎 ≠ 𝑎′ and 𝑏 ≠ 𝑏′ when 𝑎 ≠ 𝑏′.
2) 𝑎 ≠ 𝑎′ and 𝑏 ≠ 𝑎′ when 𝑎 = 𝑏′.

These conditions ensure that the graph satisfies the constraints
in (18e) and (18f).

The weight of every vertex 𝑣𝑎,𝑏 in G is written as

𝑤𝑎,𝑏 = 𝐸𝑎 | 𝑝𝑎,𝑏 , (19)

where 𝐸𝑎 | 𝑝𝑎,𝑏 is calculated using (16).
Fig. 5 shows the constructed connectivity graph for the EFD

in Fig. 4. The red oval surrounds the optimal solution, i.e., the
one that minimizes the UAVs total energy consumption, and
this solution represents a set of connected vertices with the
minimum sum weight that is not a subset of any other set,
a.k.a. a minimum weight maximal clique, in the graph. The
problem in (18) boils down to finding all maximal cliques
in the graph, calculating the total weight of every one, and
finding the minimum weight maximal clique that satisfies all
the constraints in (18). The problem of finding the minimum
weight maximal clique in a graph is NP-hard [58]. Moreover,
the problem in (18) can be solved by finding every minimum
weight maximal clique and examining whether it satisfies the
constraints in (18). In the best case, the first minimum weight
maximal clique will satisfy all constraints. In the worst case,
we need to examine every maximal clique until we find the one
that satisfies the conditions. When the number of vertices in
the graph is less than or equal to five, the number of maximal
cliques in the graph is equal to the number of vertices [59], so
it is polynomial in the number of vertices. In other words, the
NP-hard subroutine that finds the minimum weight maximal
clique of the connectivity graph is called a polynomial number
of times to find the solution of the problem in (18). Thus,
by using polynomial time Turing machine reduction [60], we
conclude that the problem in (18) is NP-hard. □

IV. PROPOSED SOLUTIONS

A. Graph-Based Solution

As shown in Section III-B, the problem in (18) is NP-hard.
Therefore, in this section we propose a heuristic solution to
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Fig. 5. The connectivity graph for the EFD in Fig. 4 showing the optimal
solution.

Algorithm 1 Minimum Weight Vertex Search Algorithm:
1: Initialization: The solution set Ψ initialized to be empty.

The connectivity graph G(V, E) constructed in Section
III-B and the weights 𝑤𝑎,𝑏 of the vertices a𝑎,𝑏 calculated
using (17)

2: repeat
3: Find a★

𝑎,𝑏
= arg min∀a𝑎,𝑏∈G 𝑤𝑎,𝑏

Subject to(18𝑏)−(18 𝑓 )
4: Add a★

𝑎,𝑏
to Ψ

5: Remove a★
𝑎,𝑏

and all vertices not connected to it from
G

6: until G = 𝜙, end repeat
7: return Ψ

solve this problem. The proposed solution revolves around
solving the connectivity graph constructed in Section III-B.

First, based on the definition of the total path energy cost
in (17), a vertex in G will have a small weight if

• It represents an energy flow path with low energy cost.
• It represents an energy flow path where the destination

has a low CR (i.e., it can receive a large number of tasks).
Thus, finding the minimum weight clique results in a solution
with the minimum possible energy consumption for UAVs.
However, since finding the minimum weight clique is NP-
hard, we propose a minimum weight vertex search algorithm
to solve the graph heuristically. The algorithm (summarized in
Algorithm 1) starts by calculating the weight for every vertex
in the graph using (17). Next, the vertex with the smallest
weight is chosen and added to the solution set in case it
satisfies the constraints in (18). The minimum weight vertex
is then removed from the graph along with every vertex not
connected to it. From the remaining vertices, the minimum
weight vertex is added to the solution set, and so on. The
process continues until no vertices remain in the graph.

The minimum weight vertex search algorithm is known to
have a worst case time complexity order of O(a2) [61], where
a is the number of vertices in the graph. Thus, in our case the

worst case time complexity of the proposed solution is O(𝐿2),
where 𝐿 is the number of energy flow paths in the system.
With the increase in the number of UAVs and ground MEC
servers, the number of energy paths and the complexity of the
graph-based solution increase; thus making it inefficient to use
this solution for large networks, especially for IoT applications
where latency is a key performance indicator.
B. Machine Learning Solution

In this section, we demonstrate an example of a simple
1-D CNN that can be trained to mimic the performance of
Algorithm 1 in order to reduce its time complexity, thus
minimizing the time needed by the NC to decide on the best
route for each UAV. CNNs extract features from the input
data, thus reducing the size of the input entering the dense
layer [62]. This results in a reduction in the number of dense
layers needed to achieve a certain accuracy as compared to
traditional Deep Neural Networks (DNNs). Once trained, the
CNN provides the advantage of significantly reducing the time
required to generate the graph-based solution, which makes the
proposed relaying scheme more feasible to implement for IoT
applications.

With the help of this CNN, we devise a hybrid approach
where Algorithm 1 is used in the initial stage after the
inception of a UAV-MEC network. The solutions computed
by the NC using Algorithm 1 are also gathered to train the
CNN. Once enough data is acquired, the CNN can be trained
in order to take over the use of Algorithm 1, thus improving
the computational time performance significantly as will be
explained later in this section.

It is assumed that the NC is located in a cloud center
with huge computational capabilities, thus allowing the CNN
to be trained during the actual operation of the UAV-MEC
network (a.k.a, online training). In the case of limited NC
computational resources, the CNN can be also trained offline,
i.e., the training data is gathered during a training session
by building the connectivity graph and then implementing
Algorithm 1 to solve the graph. The NC is then trained using
the gathered data until a certain desired prediction accuracy
is achieved by the CNN. Finally, the system is operated by
only utilizing the CNN to find the optimal energy flow path
for every UAV.

1) Training Data and Network Architecture: We use a CNN
to model the problem of predicting the graph-based solution
as a pattern classification problem. The input to the CNN is
a vector E ∈ R𝐿 with values representing each UAV’s energy
consumption given a certain energy flow path is chosen to
relay/offload tasks. Specifically, the input is of the form

E =

[
𝐸1 | 𝑝1 𝐸1 | 𝑝2 · · · 𝐸1 | 𝑝𝐿1

. . . . . . 𝐸𝑘 | 𝑝1 𝐸𝑘 | 𝑝2 · · · 𝐸𝑘 | 𝑝𝐿𝑘

(20)

. . . . . . 𝐸𝑆 | 𝑝1 𝐸𝑆 | 𝑝2 · · · 𝐸𝑆 | 𝑝𝐿𝑆

]
.

Different combinations of the energies in (20) would result
in different solutions5. Each possible solution is assigned a

5With the increase of the number of UAVs and ground MEC servers, the
number of possible solutions increases, which means more training data needs
to be collected in order to find all the possible solutions and achieve high
training accuracy.
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TABLE IV
ALL POSSIBLE SOLUTIONS OF THE EFD IN FIG. 4 AND THE

CORRESPONDING CLASS LABELS

Solution Label Solution Label
{𝑠1, 𝑠1}, {𝑠2, 𝑠2} 1 {𝑠1, 𝑚2}, {𝑠2, 𝑠2} 7
{𝑠1, 𝑠1}, {𝑠2, 𝑚2} 2 {𝑠1, 𝑚2}, {𝑠2, 𝑚2} 8
{𝑠1, 𝑠1}, {𝑠2, 𝑚1} 3 {𝑠1, 𝑚2}, {𝑠2, 𝑚1} 9
{𝑠1, 𝑚1}, {𝑠2, 𝑠2} 4 {𝑠1, 𝑠2}, {𝑠2, 𝑠2} 10
{𝑠1, 𝑚1}, {𝑠2, 𝑚2} 5 {𝑠1, 𝑠2}, {𝑠2, 𝑚2} 11
{𝑠1, 𝑚1}, {𝑠2, 𝑚1} 6 {𝑠1, 𝑠2}, {𝑠2, 𝑚1} 12

Fig. 6. The architecture of the proposed 1-D CNN.

unique label. In other words, each pattern of energies in
(20) is mapped to a certain pattern class. In the example
of Fig. 4, there are twelve possible solutions. Therefore, we
assign twelve unique labels as shown in Table IV.

The samples needed to train the CNN are generated as fol-
lows. The NC collects the required information from the UAVs
and ground MEC servers, calculates the energy consumption
for each path using (15), and then runs Algorithm 1 to find
the graph solution. The solution (consists of the path selected
for each UAV) is given a unique integer that identifies a new
class in case the solution has not been encountered before, or is
given an integer representing one of the pre-existing classes in
case it is not a new solution. The concatenation of the required
energy consumption of all paths and the class constitutes a
training sample. The NC repeats this process over a variety
of parameters ranges and over a large number of iterations to
collect the samples needed for training the CNN. The CNN
is built after the initial training sample collection phase is
complete 6.

6In case online training is used, the initial sample collection phase is still
needed to determine the number of classes which is required to build the
CNN.

The proposed 1-D CNN architecture is illustrated in Fig 6.
There are six layers in the network, including one input
layer, one convolutional layer, two batch normalization layers,
one fully-connected (dense) layer and an output layer 7. The
convolutional layer filters the 𝐿-dimensional input vector E
with 32 kernels of size 3×1. The sigmoid function is employed
as the nonlinear activation function of the convolutional layer.
The convolutional layer allows us to extract useful features
from the various patterns of energies in the input vector.
The output features of the convolutional layer are flattened
to represent it as a vector which is then subjected to batch
normalization. Batch normalization is an important step to
make the landscape of the learning optimization problem
being solved more smooth. As a result the gradients are more
predictive, helping in faster network convergence [63]. These
features are then fed into a fully-connected layer of size 512
neurons to help in the classification process performed at the
output layer. Once again we use sigmoid as the activation
function for the dense layer. Batch normalization is performed
again before moving the data to the output layer. The output
layer produces a class label and employs softmax activation as
we are dealing with a multiclass classification problem.

The sparse categorical cross entropy is used as the loss met-
ric8. Various optimization algorithms can be used to minimize
the loss. We choose adaptive moment estimation (ADAM) for
this purpose as the algorithm is computationally efficient and
easy to implement. Further, we used a batch size of 128. The
network parameters are initialized using Xavier initialization
(also known as the Glorot normal initialization).

2) Complexity Analysis: Once trained, each layer of the
network would require a certain amount of operations to
perform a prediction. The computational complexity of the 1-D
convolutional layer is O(𝑑𝑘𝐿) [66] where 𝑑 is the number of
filters/kernels used to perform convolutions, 𝑘 is the length
of the filters, and 𝐿 is the size of the input vector. The
computational complexity of the dense layer is O(𝑚𝑛) where
𝑚 is the number of neurons in the dense layer and 𝑛 is
the dimension of the input to this layer. The complexities
associated with the batch normalization and the activation
layers are relatively negligible and thus could be ignored.
Therefore, the time complexity of the proposed network is
O(𝑑𝑘𝐿 + 𝑚𝑛).

Note that the operations performed by different neurons in
the dense layer on different inputs are independent of each
other. Thus, in the case when multi-threading is utilized, all
of the operations needed for the dense layer can be performed
simultaneously, resulting in a time complexity order of O(1)
for the dense layer. Similarly, the convolution operations
between the kernels and the input data in a convolutional layer

7This is the smallest number of layers for a CNN with only one convolu-
tional and one dense layers. This simple architecture is shown to achieve very
high training accuracy for the simulation setup in Section V. However, more
layers could be needed to achieve such a high accuracy for larger networks
which can be always found by experiment.

8According to Tensorflow’s official web page [64], this loss metric is mean-
ingful in evaluating the training performance of the CNN for classification
problems with multiple classes when the classes are provided as integers,
which is the case in our implementation. The reader is referred to [65] for
the definition and the explanation of the categorical cross entropy metric.

This article has been accepted for publication in IEEE Internet of Things Journal. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JIOT.2022.3228863

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: KAUST. Downloaded on December 15,2022 at 06:41:45 UTC from IEEE Xplore.  Restrictions apply. 



11

are also independent of each other. These operations can thus
be parallelized taking advantage of multi-threading to speed
up the computation, thus resulting in a time complexity of
O(1) for the convolutional layer [66]. This greatly reduces the
time required to predict the class label by the trained network.
Hence, when multi-threading is used, the time complexity
order of the CNN is reduced to O(1).

On the contrary, note that multi-threading does not work
efficiently with the graph-based solution due to the conditions
needed to build the graph and to find the solution that satisfies
the constraints in (17). Thus, the complexity order of the
graph-based solution is not affected by multi-threading and
is still O(𝐿2) which is significantly more complicated than
that of the CNN.

The performance of the 1-D CNN is compared to that of
the graph-based solution in terms of the total UAV energy
consumption and execution time in Section V-B.

V. SIMULATIONS RESULTS

This section is divided into two parts. In the first part,
we compare the performance of our proposed UAV multi-hop
solution (i.e., when UAVs are allowed to locally process tasks,
relay them to other UAVs or to ground MEC servers) with
the traditional no UAV relaying scheme [36], [37] (i.e., UAVs
are allowed to locally process tasks or relay them to ground
MEC servers). The effect of the different system parameters
on the performance of the proposed and traditional schemes
is examined for two different cases, namely, the case when
IRS is utilized to offload to the ground MEC server and the
case when Decode and Forward (DF) relays are used instead
of IRS. For the DF case, every IRS is substituted with DF
relaying. The power level �̃� (𝐷𝐹 )

𝑘,𝑙
needed to achieve a rate 𝑅𝑢

when UAV 𝑠𝑘 is offloading to ground MEC server 𝑚𝑙 through
the DF is [54]

�̃�
(𝐷𝐹 )
𝑘,𝑙

=


(2𝑅𝑢/𝑊 − 1)𝑊𝑁𝑜+𝐼𝑙

| ℎ̃𝑘,𝑙 |2
, | ℎ̃𝑘,𝑙 |2 > |𝑔𝑘,𝑖 |2

(2𝑅𝑢/𝑊 − 1) ( |𝑔𝑘,𝑖 |2+|ℎ𝑖,𝑙 |2−| ℎ̃𝑘,𝑙 |2 ) (𝑊𝑁𝑜+𝐼𝑙 )
2 |𝑔𝑘,𝑖 |2 |ℎ𝑖,𝑙 |2

, | ℎ̃𝑘,𝑙 |2 ≤ |𝑔𝑘,𝑖 |2

(21)
In the second part, the performance of the proposed graph-

based scheme is compared to that of the CNN. The network
model used to generate the results is shown in Fig. 7. The
UAVs are dispatched closer to the edge to provide LoS cover-
age to edge IoTs. The NC is assumed to be attached to a base
station at the center of the network. The IRSs are deployed ten
meters away from each ground MEC server towards the edge.
This choice of deploying the IRSs close to the ground MEC
servers is inspired by one of the conclusions in [54], that the
IRS provides best performance when it is either closer to the
source or the destination. The parameters used to generate the
simulation results are shown in Table V. If not mentioned
in the table, the values of the parameters are inspired by
[57]. The number of IoT devices in the network is modeled
as a random variable that depends on the congestion ratio,
which is modeled as a uniform random variable (assuming
every IoT device offloads only one task to one of the UAVs
or the ground MECs). A worst-case interference scenario is
assumed in this section, where all UAVs use the same channel
to offload/relay tasks. Since the interference power depends
on the NC decisions of which UAVs offload/relay and which

TABLE V
SIMULATION PARAMETERS

Parameter Section V-A Section V-B (Training,Testing)
𝐻 (m) 100
𝑁𝑜 (dBM/Hz) -174
𝜏 (Mbits) 1 (When fixed) 1-10, 1
𝑊 (MHz) 100 (When fixed) 60-80, 100
Channel Model Path Loss
𝛽 2
𝛼0 (dB) -35
𝑓𝑢 (GHz) 5 (When fixed) 3-6, 5
^ 10−28

𝑐 (cycles/bit) 200 (When fixed) 150-200, 250
𝑁

(𝑚𝑎𝑥)
𝑠 20 (When fixed) 10-30, 20

𝑁
(𝑚𝑎𝑥)
𝑚 30 [37]

N 150 [54]
𝛾 1 [54]
𝛼 1 [57]
𝑃 (𝐻𝑂) (W) 200 [67]
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Fig. 7. The network model used in the simulations. Eight UAVs are deployed
closer to the edge to provide LoS coverage to edge IoTs. Four ground MEC
servers are available closer to the middle of the networks. The NC is connected
to a base station at the middle of the network. IoT devices (not represented) are
randomly scattered throughout the whole network area.The IRSs are deployed
ten meters away from each ground MEC server towards the edge.

ones locally process tasks, the NC does not consider the
interference power in the optimization. However, the precise
interference power is considered in calculating the total energy
consumption for performance evaluation.

A. Performance Analysis and Comparison with the Traditional
No UAV Relaying Scheme

Fig. 8 illustrates the comparison between our proposed
UAV multi-hop solution with the traditional no UAV relaying
scheme [36], [37] for both cases, namely, the case when IRS
is deployed and the case when IRS is replaced with DF relays.
First, we notice that increasing the task complexity will result
in an increased energy consumption per UAV, which results
in a larger total energy consumed by all UAVs as shown in
the figure. The increase in the maximum UAV task capacity
per frame implies an increase in the number of IoT devices
in the network, so it makes sense that the required energy
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Fig. 8. The average total UAV energy versus the maximum UAV task capacity,
the task complexity, and the CPU frequency.

would increase since more IoT devices are served. Moreover,
increasing the CPU frequency for each UAV results in a
reduction in the local processing time for each UAV, thus a
decrease in the hovering time and energy is achieved which
results in the observed decrease of total energy consumption.
Second, we notice that utilizing our proposed scheme with IRS
deployed in the network introduces remarkable reductions in
energy consumption as compared with the traditional scheme.
Finally, the increase in the gap in performance between the
traditional and the proposed schemes with the increase in
the complexity is due to the increase in the local processing
energy per task with the increase of the task complexity.
The proposed scheme is expected to reduce the number of
locally processed tasks as compared to the traditional scheme
because of the increase in the number of tasks offloaded to
the ground MEC servers. Therefore, more reduction in energy
consumption is expected by the proposed scheme as compared
to the traditional one with the increase of the task complexity.

B. Comparison with the CNN

In this section, the performance of the CNN is compared
to that of the graph-based solution in terms of the total UAV
energy consumption and the execution time. For the execution
time calculation, both the graph-based and the CNN solutions
were implemented on Python 3.8.5 running on an Intel Core
i7-7500 CPU with four physical cores, each of which has
a speed of 2.7GHz. Keras 2.4.0 (built on top of tensorflow

2.4.0) was utilized to build the CNN model. No customized
multi-threading was utilized for both the graph-based and the
CNN solutions. The CNN was trained using 230000 samples
(including 13302 classes), and the training phase was stopped
at an accuracy of 99.41% and a sparse categorical cross
entropy loss of 0.0139. The testing part was implemented
using 10000 samples of data.

Fig. 9 compares the performance of the CNN to that of the
graph-based and the optimal traditional no-relaying solutions.
First, we notice that the gap between our proposed and the
traditional schemes increases with the increase of the task
size due to the increase in the local processing energy per
task. The traditional scheme requires more tasks to be locally
processed, so increasing the local processing energy per task
results in higher increase in total energy consumption in the
traditional scheme as compared to the proposed one. Second,
the channel bandwidth only affects the transmission energy,
which is dominated by the local processing and the hovering
energies. Thus, the effect of the bandwidth on the total UAV
energy consumption is insignificant as shown in the figure.
Third, it can be observed here that the CNN achieves a
very close performance to that of the graph-based solution
and a much better performance than that achieved by the
optimal traditional scheme, even though the testing range of
complexities is different than the one used in training. This
implies that the CNN does not need to be trained over all
range of parameters and can still achieve a close performance
to the graph-based solution. Despite the small inaccuracy
as compared to the graph-based solution, the CNN is still
able to accomplish high reductions in energy consumption as
compared to the traditional solution. Fig. 9 shows that the
CNN reduces the needed energy by about 15% as compared
to the traditional solution.

Fig. 10 compares the execution time needed for the CNN to
predict the output to that needed by the graph-based solution 9.
A significant reduction by at least 98% in execution time
is observed when utilizing the CNN to predict the output
as opposed of using the graph-based heuristic. Since the
execution time here represents the time needed for the NC
to make the decision for the UAVs, this means the CNN
introduces a significant reduction in the latency. This reduced
latency of the CNN makes the proposed relaying scheme a
viable solution for IoT applications where latency is one of
the key performance factors in the network. It is worth noting
here that more reduction in execution time could be achieved
if customized threading is used.

VI. CONCLUSION

In this paper, the problem of minimizing the total energy
consumption of UAVs in UAV-assisted MEC systems with IRS
is addressed. The proposed system allows the UAVs to either
locally process their assigned tasks, offload them to ground
MEC servers, or relay them to other UAVs, thus creating a
multi-hop UAV network through which the maximum allowed
number of tasks can be offloaded to ground MEC servers. The

9Here, the execution time is calculated after the CNN is trained, so the
training time is not considered.
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Fig. 10. The average execution time of the CNN as compared to the proposed
graph-based solution.

problem is formulated as a minimum weight clique search
algorithm which is NP-hard. Therefore, an efficient graph-
theoretic heuristic solution is proposed. The proposed solution
is shown by simulations to outperform the traditional no UAV
relaying scheme, especially when IRSs are utilized by the
UAVs to offload tasks to the ground MEC servers. Moreover,
a machine learning solution is suggested to reduce the time
needed for the NC to find the decisions for the UAVs. The
simulation results show that the CNN solution achieves a
drastic reduction in execution time while accomplishing a
close energy consumption performance when compared to the

graph-based solution. This reduction in time makes the pro-
posed UAV relaying scheme more suitable for IoT applications
where latency is a key performance factor. The performance of
the system can be further improved by utilizing reinforcement
learning to allow the NC to find a better solution than the
sub-optimal graph-based one, as a direction which will be
investigated in future work.
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