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ABSTRACT: With the rapid development of technologies, such as Big Data, Cloud Computing, Artificial Intelligence (Al), and the Internet
of Things (IoT), there is an increasing demand for real-time computing and low-latency data transmission. Mobile Edge Computing
(MEC) technology has been proposed to reduce data transmission latency and alleviate the burden on the core network; however, MEC
still faces the problem of limited computational resources and bandwidth in high-density device environments. To address these issues,
this study proposes a joint optimization energy-efficiency maximization strategy for Intelligent Reflective Surface (IRS)-based unmanned
aerial vehicle (UAV) and device-to-device (D2D) collaborative Mobile Edge Computing (MEC) systems. The strategy integrates the
optimization of task offloading decisions, UAV trajectory planning, computational resource allocation, and IRS phase regulation to
maximize the system’s energy efficiency. The highly coupled and non-convex optimization problem is solved iteratively by designing
a two-loop iterative optimization framework that combines Dinkelbach’s algorithm with the block coordinate descent (BCD) method,
utilizing the Lagrange multiplier method and the successive convex approximation (SCA) technique. Simulation results show that the
optimization strategy in this study significantly improves the energy efficiency of the system compared to the conventional scheme,
especially in IRS phase optimization and UAV trajectory adjustment.

1. INTRODUCTION

ith the rapid development of technologies, such as big

data, cloud computing, artificial intelligence (Al), and
the Internet of Things (IoT), the demand for information pro-
cessing and data transmission continues to grow. Application
scenarios, such as smart cities, Industrial Internet of Things
(ITIoT), and intelligent transport require real-time computation
and decision-making on massive amounts of data to ensure the
efficient operation of the system. However, it is difficult for
the traditional cloud computing model to meet the demand for
low latency and high computational efficiency in these applica-
tions because of high computational latency caused by long data
transmission distances and core network congestion [1]. There-
fore, Mobile Edge Computing (MEC) has emerged, which en-
ables computational tasks to be processed in close proximity by
deploying edge computing servers near wireless access points
(APs) or base stations (BSs), effectively reducing data trans-
mission latency while reducing the computational load on the
core network.

Although MEC can mitigate the high latency issues of cloud
computing to some extent, the computational resources and
bandwidth remain constrained, particularly in high-density de-
vice environments. Competition for computational resources
and communication bottlenecks resulting from task offloading
remains a significant challenge. To address these challenges,
unmanned aerial vehicles (UAVs) can serve as vital comple-
ments to MEC systems because of their high maneuverabil-
ity and flexible deployment capabilities. When equipped with
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MEC servers and UAVs can rapidly cover signal blind spots and
computationally intensive areas. By collaborating with ground
base stations, UAVs enhance their computational capacity to
meet peak-hour computing demands. However, an important
factor to consider is the energy cost of drones for transmitting
and processing information. To minimize the energy consump-
tion of drones, multiple tasks should be appropriately offloaded
to other devices. Therefore, device-to-device (D2D) communi-
cation was introduced into the MEC architecture. Direct data
interaction between devices is enabled. As a result, reliance
on edge servers is reduced. The network load was also re-
duced. In addition, the transmission latency was effectively
decreased. However, in complex wireless environments, D2D
communication is susceptible to channel fading, interference,
and coverage limitations, all of which affect the performance
of MEC task offloading. Therefore, introducing Intelligent Re-
flective Surfaces (IRS) into MEC can effectively address prop-
agation environment challenges. An IRS, or reconfigurable in-
telligent surface (RIS), consists of a large number of tunable
passive reflecting elements. By dynamically adjusting the re-
flection phases, the directional reflection of signal beams can
be achieved. Consequently, the quality os D2D communica-
tion is enhanced, and the reliability and efficiency of MEC task
offloading are improved [2]. As an emerging wireless commu-
nication enhancement technology, IRS has garnered significant
attention for optimizing MEC and D2D communications owing
to its ability to intelligently adapt to wireless signal propagation
environments [3].

The integration of UAVs and MEC systems has garnered in-
creasing attention recently, with a focus on enhancing resource
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allocation and task offloading efficiency. In the study of com-
munication aided by a single UAV, the use of UAVs equipped
with IRS panels as mobile base stations has been demon-
strated [4] to enhance communication coverage and trans-
mission reliability. To minimize the overall system latency,
this study proposes a joint optimization framework that bal-
ances the power allocation, phase-shift control of the IRS, and
UAV positioning. The use of UAVs enables dynamic adap-
tation to environmental changes, particularly in complex ur-
ban environments, where traditional communication infrastruc-
ture struggles to provide reliable coverage. However, the re-
search only considered collaboration between the IRS and a sin-
gle drone without accounting for multi-drone coordination sce-
narios, leaving room for improvement in system performance.
To further enhance the communication modes of UAV-assisted
networks, researchers have begun exploring the integration of
UAV and D2D communications. The synergistic integration
of UAV and D2D communications has been investigated [5],
in which a collaborative UAV-assisted MEC framework was
developed. Researchers have highlighted the value of D2D
communication for offloading computational tasks to idle de-
vices, thereby alleviating the computational burden on UAV-
based MEC servers. The framework ensures the shortest task
completion time through joint power allocation and offload-
ing decisions, particularly when the UAV resources are lim-
ited. Further work will emphasize the need for the careful man-
agement of task allocation between UAVs and D2D devices
to achieve optimal system performance. Physical layer secu-
rity was investigated [6] for a cache-enabled UAV relay net-
work with D2D communication, where both the UAV and se-
lected UEs are equipped with caching capabilities. However,
the hybrid offloading strategy in this research requires multi-
ple iterations of the algorithm, resulting in high computational
complexity, which may compromise the real-time communica-
tion performance. An iterative scheme for energy-efficient re-
source allocation in UAV-underlaid D2D communications was
proposed [7]. The solution aims to optimize the overall en-
ergy efficiency of all D2D pairs while ensuring the quality of
service requirements and confidentiality rates for all users. A
novel method for managing resource allocation in multi-mobile
UAV-D2D communications was proposed [8]. The formulated
optimization problem aims to maximize energy-saving utility
by considering power and bandwidth constraints in addition to
associated limitations. A resource allocation strategy for UAV-
D2D-assisted multi-relay MEC systems with energy-harvesting
capabilities was presented [9]. This strategy addresses chal-
lenges such as the inability of devices outside the BS edge to
offload tasks and the excessive burden of relay communication.

In scenarios involving multiple UAVs or multiple IRSs, the
coordinated deployment of multiple UAVs and multiple IRSs
further enhances network performance. A communication sce-
nario supported by multiple UAVs equipped with onboard IRS
for ultra-reliable low-latency communication (URLLC) is in-
vestigated [10]. In this scenario, each UAV acts as a repeater,
reflecting signals from the macro-base station to users located
far from the base station. A joint optimization problem was
developed to optimize UAV deployment, base station power
allocation, IRS phase adjustment, and the length of URLLC
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transmission blocks. Given the complex non-convex nature of
the problem, the solution is obtained by applying a deep neu-
ral network (DNN) algorithm. The simulation results demon-
strate that aerial RIS technology has significant potential for
supporting stringent URLLC requirements. The significant po-
tential of aerial IRS for enhancing the coverage of massive
multiple-input multiple-output (mMIMO) networks has been
demonstrated [11]. An optimization model was created to max-
imize network throughput by adjusting the power allocation of
the base station (BS) and phase control coefficients of multiple
in-building repeaters (IRSs). Iterative algorithms were used to
solve this problem, demonstrating that IRS can effectively en-
hance the overall network throughput while improving the per-
formance of the worst-case user. Compared to other baseline
approaches, the IRS also exhibits lower computational com-
plexity. However, IRS lacks transmitting-receiving links, mak-
ing channel information (CSI) acquisition challenging for cer-
tain paths. In most cases, deploying a large number of meta-
surfaces for IRS increases the channel size and time required to
obtain CSI [12]. Therefore, the issue of precise CSI acquisition
in the IRS technology cannot be overlooked.

Combining key technologies in pairs greatly increases the
potential functionality of MEC systems through synergistic op-
timization across various technologies. The integration of UAV
and MEC has shown significant research advantages. A sce-
nario in which the UAV serves as a flying base station (BS)
equipped with an MEC server (UAV-MEC) was proposed [13].
To minimize the total delay experienced by user devices, re-
searchers have designed an iterative algorithm to jointly op-
timize the user association, transmission power, and compu-
tational resource allocation. Experimental results demonstrate
that compared to traditional orthogonal frequency division mul-
tiple access (OFDMA) systems, UAV-MEC systems employ-
ing non-orthogonal multiple access (NOMA) technology ex-
hibit significant advantages in reducing communication latency
and enhancing overall system performance. Furthermore, the
introduction of IRS significantly improves the task offloading
performance in MEC systems. An RIS-assisted MEC system
for heterogeneous networks (HetNet) has been proposed [14].
To minimize the total latency of the system, a joint optimiza-
tion problem was formulated by optimizing the allocation of
caching, task offloading, and computational resources. Be-
cause the problem is NP-hard, a two-stage optimization algo-
rithm was proposed for the solution. Simulation results indicate
that compared to the approach without RIS, the introduction
of RIS can significantly reduce task processing delays and en-
hance the overall system performance. Finally, regarding the
collaborative optimization of RIS and UAV, a RIS-enhanced
UAV-MEC framework was studied [15]. Within this frame-
work, the UAV is deployed statically, and communication is
enhanced between the RIS and ground access point (AP). A
two-step optimization algorithm was developed to simultane-
ously optimize the RIS phase control, communication compu-
tational resource allocation, and decoding sequence. The sim-
ulation results show that the proposed scheme effectively en-
hances the computational capability of the system, demonstrat-
ing significant performance improvements compared to exist-
ing approaches. A system model with a UAV serving as a relay
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node was further investigated [16], where the UAV’s flight tra-
jectory could be dynamically adjusted to enhance task offload-
ing performance. A joint optimization algorithm was proposed
to compute the unloading task, RIS phase control, bandwidth
allocation, and UAV flight trajectory. The simulation results
show that RIS and NOMA technologies play critical roles in
optimizing UAV trajectories, significantly improving the com-
putational capability and network performance of the system.
While existing research has achieved important breakthroughs
in MEC, D2D communication, and IRS technologies, most ef-
forts have focused on optimizing these technologies separately,
lacking systematic research on their coordinated optimization.

While significant progress has been achieved in the research
on MEC, D2D communications, and IRS, these technologies
have primarily been investigated in isolation or in pairs. A sys-
tematic investigation into the collaborative optimization of all
three technologies has yet to be conducted. In the current 5G
and upcoming 6G network environments, the rapid growth in
the number of smart devices has driven a continuous rise in
user demand for low-latency, high-reliability computing ser-
vices. By deploying computing resources at the network edge,
MEC effectively reduces the data backhaul latency to the core
network, thereby significantly enhancing the overall comput-
ing efficiency. However, the service coverage and process-
ing capacity of traditional MEC systems are limited by the de-
ployment density and resource scale of the ground-based in-
frastructure [17]. In high-rise dense urban environments or
areas with infrastructure damaged after disasters, the service
capabilities and network stability of such systems still face
significant challenges. To address the aforementioned chal-
lenges, emerging technologies, such as D2D communication,
IRS, and UAVs, have been incorporated into the MEC archi-
tecture in recent years to synergistically improve system per-
formance. D2D communication enables direct data transmis-
sion between end devices, effectively reducing the transmis-
sion latency and alleviating the load on the edge servers. IRS
achieves signal path reconstruction and enhancement by regu-
lating the phase of a large number of passive reflective units,
improving the channel quality, and lowering the communica-
tion latency. As highly maneuverable aerial MEC nodes, UAV's
offer flexible deployment advantages, enabling the rapid cover-
age of resource-scarce ground areas to provide computing and
communication support. Simultaneously, UAVs can serve as
relay nodes to extend coverage and enhance the stability of D2D
communication [18].

Currently, MEC systems based on IRS and D2D have
achieved preliminary multi-dimensional resource coordi-
nation optimization for communication, computing, and
coverage resources, demonstrating excellent performance in
high-density networks. However, existing research primarily
focuses on network configurations with static or semi-static
deployments. In real-world environments with physical ob-
structions or insufficient IRS deployment, the communication
efficiency of D2D links remains susceptible to degradation
in channel quality. While IRS can enhance signal quality
through passive beamforming, performance remains highly
dependent on acquiring channel state information and location
data, severely limiting IRS accuracy in dynamic, complex
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environments. Therefore, further integrating UAVs into the
IRS-D2D-MEC architecture not only enables dynamic aerial
resource deployment and coverage enhancement through their
high mobility but also expands the task offloading scope
for D2D devices and alleviates computational pressure on
ground nodes by deploying UAV-mounted MEC servers or
utilizing UAVs as relay nodes. Moreover, the introduction of
UAVs facilitates the establishment of air-ground collaborative
scheduling capabilities. By enabling joint optimization of
task offloading, resource allocation, and trajectory planning
in complex environments, this approach enhances system
adaptability and reliability when addressing sudden tasks,
physical obstructions, and network topology changes.

Based on the aforementioned challenges, an IRS-assisted
D2D-MEC collaborative offloading optimization strategy is
proposed. The strategy aims to optimize task offloading, com-
puting resource allocation, and wireless channel quality, with
the goal of minimizing the overall system latency and enhanc-
ing computational energy efficiency. The contributions of this
study are summarized as follows.

Construction of IRS-assisted UAV-D2D collaborative MEC
system architecture: This paper proposes a new MEC collab-
orative offloading architecture that integrates IRS, UAV, and
D2D communication technologies, comprehensively consider-
ing the channel gain enhancement effect of IRS on the wireless
link, as well as the advantages of flexible deployment of UAVs
and high mobility, and constructs a multi-mode task offloading
mechanism, which effectively solves the problem of commu-
nication bottlenecks and insufficient computational resources
in task offloading in high-density environments. The problems
of communication bottlenecks and insufficient computational
resources for task offloading in high-density environments are
effectively solved.

Dual-loop iterative optimization framework based on the
Dinkelbach method: To solve the non-convexity and multi-
variate coupling problems of the energy efficiency optimization
problem, this paper designs a dual-loop iterative optimization
framework that combines the Dinkelbach algorithm and block
coordinate descent (BCD). In the outer loop, the Dinkelbach
method is used to transform the energy-efficiency fractional
planning problem into an equivalent subtractive form; in the
inner loop, the BCD method is used to decompose the origi-
nal optimization problem into three sub-problems: offloading
mode selection and task allocation optimization, joint optimiza-
tion of the UAV trajectory and computational resources, and
optimization of the IRS phase beamforming and solve them al-
ternately, which effectively reduces the algorithmic complexity
and ensures convergence.

Joint optimization algorithms: In this study, a joint optimiza-
tion algorithm is proposed to combine the task offloading deci-
sion, UAV trajectory optimization, resource allocation, and IRS
phase beamforming. The offloading mode and offloading ra-
tio are optimized alternatively to ensure high efficiency of task
offloading, the UAV trajectory and computational resource al-
location are optimized by the gradient descent method to mini-
mize the energy consumption, while the IRS phase is optimized
by the Successive Convex Approximation (SCA) method to
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improve the quality of the signal transmission and the over-
all improvement of the energy efficiency of the system. This
integrated optimization approach effectively solves the multi-
variate coupling problem and enhances the computational and
communication performance of the system.

The rest of the paper is organized as follows. Section 2 es-
tablishes the system model and problem formulation. Section 3
provides a detailed decomposition of the mathematical formu-
lation of the problem and the optimization problem, and elab-
orates on the specific implementation process of the proposed
algorithms, including task offloading decision-making and al-
location, UAV trajectory and resource optimization, and IRS
phase optimization methods. Section 4 validates the superiority
of the proposed methods through simulation analysis. Section 5
concludes the paper.

2. SYSTEM MODELING AND PROBLEM FORMULA-
TION

In this paper, we propose an IRS-based MEC offloading archi-
tecture for UAV and D2D communication convergence, which
supports two modes of task offloading for user devices (UDs):
one is to provide computation services for UDs through the
MEC server carried by the UAV, and the other is to offload
computation tasks to the neighboring idle UDs using the D2D
communication link. This architecture effectively improves
the wireless link quality through IRS-assisted communication,
and meets the low-latency and high-reliability requirements in
dense device scenarios. Figure 1 illustrates an IRS-based UAV-
D2D collaborative MEC task offloading system. The system
comprises a cellular access network and a D2D communication
network, a UAV equipped with an edge server, UDs, service
equipment (SeDs), and an IRS with N reflectors. UAV flies at
a fixed altitude H, serving as an MEC server to provide com-
munication and computing services for multiple UDs. Dotted
lines indicate invalid communication links between UDs ob-
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FIGURE 1. Model of UAV-D2D collaborative MEC mission offloading
system with IRS.

structed by obstacles along the propagation path, while solid
lines represent valid communication links established between
UDs and the UAV/SeDs via IRS reflection. UDs possess lim-
ited computational resources and must execute delay-sensitive,
computationally intensive tasks. The SeDs consist of idle users
with relatively high computational capabilities, which remain
limited compared to edge servers and cannot simultaneously
handle multiple computationally intensive tasks. Define M =
{1,2,.... M}, K = {1,2,...,K},and N = {1,2,...,N}
as the set of UDs, SeDs, and reflective elements of the access
system, respectively. Assume that the system operates over a
specified mission period 7', divided into time slots I and in-
dexed as 7 = {1,2,...,1}. The time slot length §; = % is
sufficiently small such that the UAV flies over a small distance
in each time slot with a roughly constant channel gain.

2.1. Communication Model

The height of the UDs is zero, and for the mth UE, its coordi-
nates can be denoted as z,,, = (X, Y ). Similar to [12] and
[14], it is assumed that the UAV flies at a fixed altitude H > 0.
The horizontal position and height of the first cell on an IRS
with a uniform linear array (ULA) are givenby zp = (X ,,,Y},)
and hpg, respectively. Using the IRS, a virtual LoS connec-
tion between UAVs and UDs can be achieved by adjusting the
phase shift of the IRS. Because the phase shift of each reflec-
tion element of the IRS can be dynamically adjusted by the
controller, the amplitude reflection coefficients of all reflec-
tion units are set to 1, and the vector of phase shift coefficients
of the first IRS is by 00 = [0, 6 ... 67, where, for

allme {1,2,...,N}, o € € [0, 2m), then the lth IRS reﬂec-
tion coefficient matrix @) — diag{e/®”, €19 .. IOV} is
obtained, where j represents the imaginary umt and let ® =
e, @(2) Q(L)} denote the set of phase variables for all
LIRSs. Setx = {x1,%2,...Tm,-..,Ta}, VM € M to de-
note the offloading mode selection of the UDs. Let z,, = 1
denote that the mth UD uses the UAV-based offloading mode,
and vice versa, and z,,, = 0 denotes that the UDs use the D2D
distributed computing offloading mode.

2.1.1. UAV-Based Offloading

Consider a communication system composed of Q UDS, K
IRS, and UAV-MEC server. The kth UAV detects a UDs mes-
sage in the time slot and generates the corresponding perception
data. Definition: The binary variable A,,; indicates whether
UD,,, has been assigned to the /th IRS. Specifically, A, ; =1
signifies that U D,,, has been assigned to the [th IRS. A,,,; =0
indicates that U D,,, has not been assigned to the /th IRS; each
UD,, is assigned to only one IRS. We define the binary variable
R; € [0,1] to indicate whether the MEC server receives an ex-
ternal request in time slot j. Upon receiving a request R[], the
MEC server verifies the validity of the U D,,, unique identifier.
If valid, the server immediately assigns a channel and estab-
lishes a transmission path. If invalid, the server reexamines the
request and continues with the verification process.

Assuming that the system operates for a specified mis-
sion period 7', which is divided into I time slots, and I is
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sufficiently large, then §; is sufficiently small such that the
UAV flies a small distance, the position remains approximately
constant, and the channel gain remains approximately con-
stant within each time slot, as described in the literature [19].
The position of its flight phase can be denoted as ZV =
{2V, 29, ..., 29, ... 2V}. For time slot 4, the coordinates of the
UAV are denoted as z¥ = (X, Y.V). Velocity v; can be ob-
tained from the displacement in the time interval ¢;, and ac-
celeration v can be obtained from the difference in velocities
between two consecutive time slots. Then, the following can
be obtained:

I et

s M

Vi — Vj—1
L= 2

In the UAV-assisted mission offloading mode of this study,
owing to the long communication distance between UAVs and
UDs, the system adopts Orthogonal Frequency Division Mul-
tiple Access (OFDMA) for data transmission to improve the
spectrum utilization and enhance the anti-jamming capability.
In the D2D offload mode, owing to the smaller communication
range and higher transmission rate between devices, the sys-
tem also adopts OFDMA to ensure that multiple devices can
communicate efficiently and in parallel; thus, the communica-
tion link for task offloading can more stably support concur-
rent transmissions from multiple users while improving the sys-
tem’s computational offloading efficiency and spectrum utiliza-
tion. Furthermore, the IRS enhances the signal of the target user
while suppressing interference from other users through spatial
beamforming. By implementing these techniques, the system
can achieve efficient communication and computation offload-
ing while supporting data transmission from multiple UDs in
each time slot without interfering with each other [20]. This
approach effectively manages communication and resource uti-
lization to enable collaborative computation and communica-
tion between the active and idle devices. In the UAV-based of-
floading model, multiple UDs can upload data within each time
slot. Each UD is allocated a specific transmission time within
a time slot to offload its tasks to the server. Considering the
IRS-assisted communication system, the computational model
associated with the IRS is introduced next. Specifically, for any
time slot 4, the distance between the UAV and first IRS is

Qoo = H =)’ + [ =2l @)

Because the UAV is flying at a high altitude, and the IRS
is placed on the facade of a building, the communication link
between the UAV and the /th IRS is assumed to be an LoS chan-
nel. Therefore, for any time slot ¢, the channel gain between the
UAV and IRS can be given by the following equation:

hru =/ pdro ™ {17 e I X W Do

where p is the path loss at the reference point Dy = 1m; d is
the antenna spacing; A is the carrier wavelength; and pry =

“)
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(Xr — XY)/dry denotes the cosine of the angle of departure
(AoD) of the signal from the /th IRS to the UAV at any time
slot <.

It is assumed that the direct link from the UDs to the UAV
is blocked by obstacles [15, 16]. Therefore, for any time slot ¢,
the channel gain from the mth UD (U D,,,) to the UAV can be

expressed as:
hm,U - \/ pde_EgmUv

where d,r = /|2 — 2V ||2 + H? is the distance between the
UAV and U D,,, for any moment ¢; ¢ is the path loss exponent;
and g,,u is a random variable following a circularly symmetric
complex Gaussian distribution with mean zero and unit vari-
ance.

Communication links from UD,, to the [th IRS are as-
sumed to be Rice channels [15], consisting of LoS and non-LoS
(NLoS) components. Therefore, for any time slot ¢, the chan-
nel gain between U D,, and the /th IRS can be given by the

following equation
[ B [ 1
hLoS hNLoS 6
1+ﬁmR+ 1+ﬁ]]’1R ()

®)

hm,R =Y Pdr;g

where dpr = \/ |zm — 2zr||2 + hr? is the distance between
U D,,, and IRS; = denotes the path loss index, 3 represents the
Rice factor; and hL$ and hNk°S are the LoS and NLoS compo-

nents, respectively. For hLSS, we have

hLOS _

T
—j2m g — 527 (N —-1)d
|:],6j* SOmR7...,eJ)\( 1) LPmR:|

(7

where omr = (Xm — X,,)/dmr is the cosine of the angle of
arrival (AoA) of the signal from U D,, to the IRS. The NLoS
and hNkoS is a complex Gaussian distributed variable with zero
mean and unit variance.

For any time slot ¢, the combined channel gain from UD,,,
to the UAV is given by the following equation:

WY = hpu + (hr) " ©Vhp ®)

Let p.,,; denote the transmitting power of UD,,, given a
fixed bandwidth BY and noise power o based on the UAV
offloading. The offloading rate between U D,,, and UAV can
be expressed as

™m,i hU ?
RY, = BY log, <1+p’ |2m‘ ) ©)

g

2.1.2. D2D Co-Offloading

In the D2D offloading model, the UDs offload tasks to the SeDs
for processing. The channel coefficients from U D,, to the kth
SeD (SeDy), from UD,, to the lth auxiliary D2D IRS, and
from the /th auxiliary D2D IRS to SeDj, are given as h, i, €
clx1, hfz)k € CV>¥1 and Ggpq € CNX1, respectively.
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The combined channel gain from U D,,, to Se Dy, can then be
expressed by the following equation:

Tk = o g + (Gaza) "M, (10)

For any time slot i, given a fixed-bandwidth B and noise
power o2, in D2D offloading, the offloading rate between
UD,, and SeDy, can be expressed as:

3 hn
RE, = B log, (1 4 ol el (11)

2
0424

To utilize full granularity in task allocation and computational
resources, we consider a partial offloading approach. Specif-
ically, computational tasks can be divided into arbitrary sizes,
and some of them can be offloaded to MEC servers or SeDs,
whereas the rest are processed locally. A computational task on
UD,,, can be described as a positive tuple {L,,, C,,}, where
L,, is the size of the task data (in bits) and C,, denotes the
computational resources required to compute one bit of the
task (measured in CPU cycles per bit). We define variable
am € [0,1] as the proportion of partial task offloading for
UD,,. Then, bit (1 — v, )Ly, is processed locally and bit
Ly, 1s offloaded to a remote device for processing. In each
time slot, U D,,, can perform both local computation and task
offloading simultaneously, and considering the limitation of the
computational capacity of the UDs, we have

2.2. Computational Model

(1 —am)LynCn

<
5 = fma

YmeM, icl, (12)
where f,,, denotes the local computing power of UD,,, mea-
sured in CPU cycles per second.

Similarly, fU denotes the computational resources per sec-
ond allocated by the UAV to U D,,, for performing the offload-
ing task, and the UAV computational resource allocation profile

is defined as FV = {fU | m € M}. We have

M
m mLm m .
3 % <FY, Viel, (13)
m=1 i

For the D2D-SeDs offloading part, SeDs are responsible for
the computational processing of the task, and we have

amLmCm

<
(S/L' _fmk?7

YmeM, i€l (14)
where f,, , denotes the computational resources allocated by
SeDy, to perform the offloading task at U D,,,, such that y,,, ;, =
1 denotes that U D,,, offloads the task to Se Dy, and vice versa
Ym,k = 0. Subsequently, 2%21 Ym.k < 1,Vk € K ensures
that each SeD receives the offloading task from only one UD at
a time.

Because the UAV can only count tasks that have been un-

loaded and received, we have

R :0; > amLy, VmeM, icl. (15)
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2.3. Energy Consumption Model

2.3.1. UDs Calculate Energy Consumption

The local computational energy consumption of U D,,, consists
of two parts: task offload energy and local computational en-
ergy. First, the task offloading energy consumption of U D,,, to

. C ff,MEC ,
UAV-MECs and SeDs at time slot i is E;, ;" = pmyiokaL’”’
Off,DZD _ amLm . m,i
IS o , respectively.

Then, owing to the offloading mode selection problem, the
task offloading energy consumption of U D,,, at time slot ¢ can
be expressed as

o Ly, Om L
E;)nffz = Pm,i ImRT + (1 — l’m) D y (16)

Based on [18], the local computational energy consumed by
U D,,, at the ith time slot can be modelled as

Fom [(1 = ) Lim]?
52 ’

com __
Em,i -

amn

where k,, is the effective capacitance factor of U D,,, which
depends on the architecture of the processor chip. Therefore,
the total energy consumption of all the UDs of time slot ¢ can
be expressed as

M
Epi= > (Egm+E). (18)
m=1

2.3.2. MEC Calculate Energy Consumption

Because the MEC server carries the UAV in the air, it provides
computational services to the UDs. Under a model similar to
that of the UDs, the computational energy consumption of the
UAV in time slot ¢ is

M RUAVIm (04771[/771)3
By =" 52 , (19)
m=1 i

where kyav is the effective capacitance factor of the UAV.

In this study, the flight energy consumption of the UAV is
also considered. The flight energy consumption of a fixed-wing
UAV deployed in the discussed system at time slot ¢ can be
modelled as [21]

Eﬂy» = (51 711/3 + 2 20
U,i 7 )
) Vs

(2

where 7 and 7 are the two parameters related to the weight,
wing area, wing span efficiency, and air density of the UAV,
respectively.

Therefore, the energy consumption of the UAV at time slot ¢
can be expressed as:

By, = pEY; + EYD. 1)
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where p is the weight of the UAV energy consumption. In
this study, the total energy consumption of the UAV consists of
two parts: flight energy consumption and computational energy
consumption. The weight p of the flight energy consumption is
used to regulate the relative contribution of the two, reflecting
the balance between the flight process and computational task
energy consumption. The size of the weight p can be adjusted
according to the specific application requirements to optimize
energy usage and system performance.

2.3.3. D2D-SeDs Calculate Energy Consumption

Similarly, for the D2D-SeDs offloading part, the SeDs are re-
sponsible for providing computational services to the UDs;
therefore, the computational energy consumption of the SeDs
in time slot ¢ is

M

Km (1l — 20, amLm3
$° Full = ) (L)

com __
ESeD,i -

(22)

m=1 i

2.4. Problem Formulation

This study aims to maximize the energy efficiency of an IRS-
based UAV-D2D collaborative MEC task offload system. En-
ergy efficiency (EE) is defined as the ratio of the total com-
putational tasks in bits to the total energy consumption of the
system. The main objective of this section is to maximize the
energy efficiency of the MEC system by jointly optimizing
the offloading mode selection, UAV trajectory planning, task
offloading ratio, MEC computational resource allocation, and
IRS phase beamforming. In each time slot, the total energy
consumption includes the energy consumption of all UDs, the
energy consumption of UAVs, and the energy consumption of
the service equipment. The total energy consumption of time
slot ¢ is.

E; = En,i+ By + Esep ;- (23)
Therefore, the problem of maximizing the energy efficiency

of an IRS-based UAV-D2D collaborative MEC mission of-
floading system can be formulated as follows:

I M
Zi:l Zm:l Lm

P1l: max T (24a)
{x,z,a,1,©} Zi:l E’Z
st x, €{0,1}, Ym e M, (24b)
25 = 20, 2¥ = 2, (24¢)
0<am<l VmeM, (24d)
M
L
Y fmtnlnCon o U vieT, (49
m=1 g
1— )Ly Cn )
o ambnCn oy e, iez,
(241)
SIS < o VM E M, i€ T, (249)
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RY 6i > amLp, Vm € M, i €I, (24h)
0<0V <27, Yne{l,2,....,N}, (24i)
Vinin < vy < Vinax, Vj € J. (24J)

Specifically, constraint (24b) specifies that for any UDs, only
one task offload mode can be selected in each time slot, i.e.,
only one of the tasks can be selected to be offloaded to either
the UAVs or the SeDs; (24c¢) restricts the initial location zy and
the final location zg of the UAVs; (24d) is a range of values
of offload ratios, which ensures that the remote processing por-
tion of the offloading through the edge servers or the D2D links
offloading to SeDs has a positive offloading ratio and does not
exceed 1; constraints (24¢) and (24f) imply that the workloads
of the UAV and U D,,, cannot exceed their maximum CPU fre-
quencies; constraint (24g) implies that the workloads of the
SeDs cannot exceed their maximum CPU frequencies; (24h)
ensures that U D,, is able to offload its tasks to the UAV; and
(241) denotes the phase beam of the /th IRS forming constraints,
and (24j) establishes the minimum and maximum flight speeds
that limit the UAV.

3. ALGORITHM DESIGN AND IMPLEMENTATION

Owing to the fractional structure of the objective function and
the tightly coupled optimization variables in Equation (24), it
is difficult to obtain a globally optimal solution. To address
these challenges, an iterative algorithm with a two-loop struc-
ture was proposed to maximize energy efficiency and optimize
offloading mode selection, UAV trajectory planning, mission
offloading ratio, MEC computational resource allocation, and
IRS phase beamforming [22]. In the outer loop, the Dinkel-
bach method was used to process the fractional programming
and obtain energy efficiency. For a given energy efficiency, the
BCD method is used in the inner loop to optimize the coupled
variables iteratively. Based on the BCD approach, problem de-
composition is combined with an iterative optimization method,
which effectively decomposes the complexity into manageable
components that are iteratively optimized to obtain a globally
optimized solution.
We equivalently transform problem P1 into problem P2:

P2

I M I
e, gy 2 2 Em =8By

i=1 m=1

(25)

st.,  (24a)(24k),

where [ is the introduced auxiliary parameter. Let 5* denote
the maximum energy efficiency achievable for problem P1, and
the following theorem holds.

Theorem: The optimal solutions {x* z* a* f* ©*}
of problem (24) are obtained if and only if the following
conditions are met:

I M I
X (Z S Ly - p ; El) =0. (26

=1 m=1
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Proof: Prove the theorem under sufficient and necessary con-
ditions. On one hand, according to (26),

I M
[z S L (.20 ©)
m=1

=1

I
5N B (x". 7", e’ 11,07 [ =0

i=1

And for any other {x,z, o, f, @},

I M I
Z Z L, (x,z,a,f,0) —ﬁ*ZEi (x,z,a,f,@)] < 0.

=1

S SM | L (320t %) S M| Lm(ze10)
Therefore, lzle Eli(x* ok 1 @) > ile Ei(x,z,a,f,@)
and {x*,z*, a* f*,©®"} is the optimal solution to the energy
efficiency maximization problem (24).
On the other hand, if {x*,z*, a*,*, ©®"} is the optimal so-
lution of (24), then

I M
Zi:l Zm:l Lm

max T
Zi:l E;

= fB* 27
{x*,z*,a* f*,©*} 5 ( )

Then, after a simple transformation, Equation (26) follows
from (27). The existence of a solution set {x*, z*, a*, f*, @*}
that satisfies the equality implies that 5* is the optimal energy
efficiency value for problem P1. The theorem is proved.

However, the optimal 5* value is not available in advance.
Therefore, we propose an iterative algorithm based on Dinkel-
bach’s method to update 5. The details can be found in Algo-
rithm 1.

Algorithm 1 Dinkelbach’s algorithm for maximizing energy
efficiency

1: initializes {x,z, a, f, ®}, iterative number t = 1, § =
104

2: repeat

3: solving problem (24) using Algorithm 4 for given a 5,
and obtain the optimal solution {x(!), z(!) a(®) () @®)},

(t)

4: Calculate F(5®)) = 25:1 Z%:l L = Zf:l E;
5. if [F(B")| < 4 then

RS/ D Dy g A
6: f*= W:
7: {X*,z*7a*7f*7q)*}

{(x® 20 a® {0 @11 break;

8: else

. 1) _ Dl o LY
9: 5( ) - L 1171 E(lt) )
10 t=t+1;

11: end if

12: Until ¢t > Npyax
13: Output: the optimal energy efficiency 5* and the corre-
sponding solution {x*, z*, a*, f*, ©*}.
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In Algorithm 1, the outer loop is used to update /3, whereas
the inner loop is used to solve Problem P2 given 5(). However,
Problem P2 is still non-convex because of the coupling between

the UAV trajectory z, IRS phase 97(11 ), and other optimization
variables for the given energy efficiency C. The outer loop is
used to update A, while the inner loop is used to solve Problem
P2 given B. However, the outer loop is used to solve Problem P2
given B. Therefore, for Problem P2, the BCD technique is used
to decompose it into three subproblems, which are unloading
decision and task allocation optimization, trajectory planning
and computational resource allocation optimization, and IRS
phase optimization. Subsequently, an iterative algorithm for
alternating solutions was proposed.

3.1. Offloading Decisions and Task Allocation Optimization

Given (), a subproblem of P2 is the offloading decision and
task allocation optimization, where the UAV trajectory z, MEC
computational resource allocation f, and IRS phase © are fixed.
Therefore, the offloading decision and task allocation optimiza-
tion problem can be reformulated according to P2 as

I M I
rrxlgxz Z L, —5ZEi,
’ i=1

i=1 m=1

(28)

s.t. (24a),(24c)—(24yg),

In the task offloading optimization process, two interrelated
optimization variables are involved: task offloading mode de-
cision x,, and task offloading ratio cv,,, where z,, is a discrete
variable that determines whether a task is offloaded to the UAV
for computation, and ¢, is a continuous variable that indicates
the proportion of tasks that are offloaded to the remote device.
Because the two are coupled in the optimization process, direct
joint optimization will lead to a high complexity of the problem
solution. Therefore, to improve the computational efficiency
for this sub-problem, alternating optimization is used in the it-
erations to gradually approach the optimal solution.

Optimize the task offloading ratio «,, given task offloading
mode x,,. At this point, the optimization objective can be ex-
pressed as

29

I M I
moa}xz Z L., —BZEi,
i=1

i=1 m=1

where the total energy consumption of time slot ¢ is

E;, = E,; + Eu; + EGS, as shown in Equation (23),

and the computed energy consumption of the SeDs was

Eeom M K (0tm Lim)?
SeD,: — Zm:l 52

after expanding Equaticz)ns (18) and (21), respectively.

as shown in Equation (22), and

Emi:

)

(Ecom _,'_Eoff‘)

Fom [(1 = atm ) Lm]?
o7

M= iM=

3
Il
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A L, A L,
+Dm,i <Ing” + (1 xm) REH > (30)
E /'LEUyl + Econ M(;i (TIV? + 7’2>
v;
M P )3
+> uav ( . 31)
m=1

For time slot 7, the total energy consumption F; is derived
with respect to au,:

(32)

(2

=1 m=1

I
-8 Ez) =
i=1

Substituting the optimization condition from Equation(32)
into each energy consumption model:

3 2 L3 3kmaZ L3
fuave fmlmZm | —g (33)
o; 0;
Solve for the optimal task offloading ratio:
1
.= 34
Oém \/ﬁ 2{71 3L§n(f'€m2+HUAv) N 1 ( )
FESTAN PSR, P

+

BB, rimL5,/07
Ultimately, the solution must be corrected for constraints to
ensure that o, is within the valid range.
o, = max(0, min(1, a},)). (35)

Optimize the task offloading mode x,, given the task of-
floading ratio «,,. First, we calculate the computational energy
efficiency in the UAV and D2D modes, respectively:

I M
Zi:]. Zm:l L"”
S (Byi + Eu)

I M
Zi:l Zm:l L .
Sy (B + BB,

EEy =

EEp = (36)

If the UAV offload mode is more energy efficient, i.e.,
EEy > EFEp, then select UAV for task offload, at this point,
T.,, = 1. Otherwise, the D2D offload mode was selected:

T, = 0.

86

Algorithm 2 Joint Optimization algorithm for offloading mode
and task allocation

1: Require Lm,Cm,éhpm,i,ﬁ,m,@z,ﬂB(t);

2: Initialization: Set { = 0, maximum iteration Ny.x, and

tolerance €

repeat

Step 1: Fix x,,,, optimize o,

for each user m do
Compute o, and project it to feasible region: o, =
max (0, min(1, o))

end for

8: Step 2: Fix o, optimize z,,

9: for each user m do

10:  Compute energy efficiency EEy, EEp and choose the

SANR AN

=

better mode: z,, = argmax,, K EE
11: end for
12: Compute the objective value F(*) and check for conver-
gence:

13: if | — FG-1| < ¢ then

14:  Converged

15: end if

16: Update iterationt =t + 1

17: Until ¢t > Nyjax

18: Ensure Optimal offloading mode x* and task proportion

*

(0%

3.2. Optimisation of Trajectory Planning and Computational
Resource Allocation

In optimization problem P2, UAV trajectory planning and com-
putational resource allocation jointly affected the performance
of task offloading, involving UAV flight energy consumption,
computational resource scheduling, and wireless link quality.
To reduce the energy consumption and improve the task compu-
tation efficiency, an alternating optimization approach is used
to solve AV trajectory planning and computational resource al-
location. Among them, the offloading mode, task offloading
ratio, and IRS phase were fixed. Therefore, the trajectory plan-
ning and computational resource allocation optimization prob-
lem can be reformulated according to P2 as

maxz Z L,

i=1 m=1

T
-8 Ei,
=1

(24b), (24d)—(24g),

(37

s.t.,

In the case of a fixed UAV flight trajectory z, the optimiza-
tion problem of computational resource allocation f focuses on
the computational load allocation of the MEC server to max-
imize the mission computational efficiency and minimize the
energy consumption. The reasonable allocation of computa-
tional resources can directly affect the mission completion time
and overall system energy efficiency; therefore, it is necessary
to optimize the UAV computational resources fU. The compu-
tational resource allocation of the UAV-MEC server must sat-
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isfy the following optimization objectives:

! 1l M kvav (L)’
. y m m
min E_l pEy,; + E —_— (38)

2
m=1 (6l>
Computational resource allocation satisfies the maximum
computational capacity constraint of the UAV server.

Lo Qi L, Com, <

<FY Viel (39)
d;

M
m=1

The Lagrangian function for optimizing UAV computational
resource allocation is reformulated as follows:

‘C( 7lr]u/\i) = Z

fly M RuaAv (Olern)3
e+ 3% vl

2
i=1 m=1 %
I M
Oémme’m U
+Y N (Z o F ) (40)
=1 m=1

where \; denotes the Lagrange multiplier.

Next, the first-order necessary conditions for the optimal so-
lution can be obtained by separately taking the derivatives of the
UAV computational resource allocation variable f!/ and mak-
ing the derivatives zero. By derivation, the closed form of the
optimal computational resource allocation solution can be ob-
tained as follows:

fU* — \/amLmCm . B

0; 3KyAV

(41)

To ensure the effectiveness of the computational resource al-
location, it is also necessary to correct the constraints of the ob-
tained optimal solution such that it meets the actual constraints
of the UAV computational resources:

15 = min (FV, 157). (42)

With a fixed computational resource allocation f, the plan-
ning of the UAV flight trajectory z has a crucial impact on the
computational offloading efficiency and total energy consump-
tion of the system. Owing to the high degrees of freedom of
motion of the UAV, trajectory planning involves multiple de-
cision variables, making the problem non-convex. To ensure
the lowest energy consumption flight under the UAV computa-
tional capacity constraints, a gradient descent-based optimiza-
tion method is used to update the UAV trajectory step-by-step
to minimize the total energy consumption of the system. The
planning of the UAV flight trajectory must satisfy the following
optimization objectives:

. ! fly M KfUAV(amLm>3
min |\ pky+ ) g (43)
=1 m=1 g
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At this point, the flight energy consumption of the UAV at
the sth time slot can be explicitly expressed as:

1 : T2
EU},]i =0 (7_1|Vi||3 + ||V||)
i

(44)
where v; denotes the flight speed of the UAV at time slot ¢,

o Y-V,
which is defined as v; = —5—.

To ensure that the UAV’s flight trajectory meets the system’s
practical requirements, the specific constraints are as follows:
UAV trajectory planning must satisfy positional constraints
2§ = z0, 2¥ = zg and velocity constraints Viin < 15 < Vinax,
Vj € J. Although the velocity constraint itself is convex, when
coupled with the UAV flight energy consumption expression
(44), the entire trajectory planning subproblem exhibits non-
convexity.

To solve the above non-convex optimization problem, this
study uses an iterative optimization algorithm based on the gra-
dient descent method to update the trajectory. Specifically, we
first provide the gradient expression for the flight energy con-
sumption with respect to velocity v;:

fly
U,i A\
av; p16i Vil [vi — pmy i (45)

Then, based on the relationship between velocity and UAV
trajectory position:
ov; z] —z,

AU M W 46
o2~ Sldl — 2l ] (46)

Thus, the gradient expression for the UAV trajectory position
z; is explicitly stated as:

47)

U_ U

7-1 7z — Z,_1

Va(1B8) = (3wl + o ) T

S S il ) 2 -2l

Based on the gradient descent method, the update rules for
the UAV trajectories are as follows:

i (48)

2 =2y ().
where v > 0 is the step factor of the algorithm.

3.3. IRS Phase Shift Optimization

Consider that another subproblem of problem P2 is IRS phase-
shift optimization, where the task offloading mode decision,
UAV trajectory, task offloading ratio, and MEC computational
resource allocation are fixed. Therefore, the IRS phase-shift
optimization problem can be reformulated according to P2 as

I M I
m(gxz > Ln—B8Y Ei,
=1

i=1 m=1

(49)
s.t., (24h).
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Algorithm 3 Joint optimization algorithm for UAV trajectories
and computational resources

1: Require x, &, Y §;, i, 71,72, FU, Umin, Vimax;

2: Inmitialization: z, z, maximum iteration Ny,x, Step size 7,
tolerance € and Iteration count ¢t = 0;

3: repeat

4: Step 1: Fix z, optimize f;

5: Fixed UAV trajectories optimize computational resources
according to computational resource constraints f: fJ =
min(FY, f57);

6: Step 2: Fix f, optimize z

7: for Each time slot ¢ do

Calculate the flight energy consumption of the UAV at

time slot 4: EUyZ =6 (1'1HV1||3 + H).
9:  Updating of UAV tracks z: th+1) = th) —
sz? (/J’E[f}},]z)a
10:  Ensure that the UAV trajectory satisfies the velocity con-
straints: Vpin < V; < Vmax,
11: end for
12: Step 3: Convergence judgements;
13: compute the objective value F®) and check for conver-
gence:
14: if | zl(-tﬂ) — th) |< € then
15:  End of iteration:
16: end if
17: Update iterationt = ¢ + 1
18: Until ¢t > Npyax
19: Ensure Optimal UAV trajectory z* and Computation re-
source allocation o*

Because all other variables are fixed at this stage, a part of the
above optimization problem that is directly related to the IRS
phase shift matrix ® is the channel gain of the communication
link, expanding Equations (9) and (11) to obtain Algorithm 3.

If the offload mode of U D,,, is the UAV mode (z,,, = 1), the
effective communication rate can be expressed as:

2
Prmi | hm,u+ (W, ) 0Vhp

RY .(©)=B"log,|1+

(50)
If the offload mode of U D,,, is the D2D mode (z,,, = 0), the
effective communication rate can be expressed as:

2
Pm,i hm,k+(Gd2d)H®(l)h§1,k

Rﬁ (0) =BP log,| 1+

2
Od2d

(51
Therefore, the IRS phase shift optimization problem is:

maxz Z meU

i=1 m=1

+(1—zm)RL (©)]  (52)

Each reflective unit within the IRS must satisfy the unit mod-
ulus length constraint |©,, ,,| = 1. The set of these constraints

88

forms a complex circular manifold with nonconvex properties,
making it difficult to solve directly. Therefore, iterative opti-
mization was performed using the successive convex approxi-
mation (SCA) method. At the tth iteration, the objective func-
tion is approximated by a first-order Taylor expansion at the
previous iteration phase-shift matrix O, The objective func-
tion is then approximated by a first-order Taylor expansion at
the tth iteration:

(@)~ (@) +Re{r [(Vo f(©1)) (0 —©1)|} (53)

where the gradient of the objective function is expressed as:

Ve f(©W")

Zi 2l (0 0) B+ () © i o]
i—1m=1 o21n?2 |:1 + Pmi hm,,U“!‘(h:,-éR)H@(l)hR’U|2:|

2pm,i(1 _xm)GdZd(hﬁ’k)H[hm,k + (GdZd)H(a(l)hﬁ’k}

+

Pm,i

2

B 5+ (Ga2a) HOWRE ||

2 m,k d2d ok
05oq N2 [1 + o7

(54

Using the gradient expression above, the IRS phase-shift ma-
trix is updated using Equation (50).

Ot — exp {j -arg {G(t) + nV@f(@m)} } (55)
where 17 > 0 denotes the step factor of the gradient update.
After each update, the IRS phase shift matrix must satisfy the
phase constraint.

The above iterative process is repeated until the following
convergence conditions are satisfied:

FOUY) — f(01)] < (56)
where € > 0 is a predetermined convergence threshold.

Based on the above method, a new phase shift matrix is
obtained in each iteration by maximizing this approximate
function. Since the approximate function serves as an up-
per bound of the original function, with f(@(+1);0®) >
f(O®: M) = (M), the value of the original function at
the new point is guaranteed to be no less than that at the current
point. Therefore, the objective function value is non-decreasing
throughout the iterative process. Meanwhile, because the fea-
sible set of phase shift matrices is compact, the generated se-
quence must have a convergent subsequence. By incorporat-
ing the gradient consistency condition, any limit point can be
proved to satisfy the first-order optimality condition, thus be-
ing a stationary point.

Based on the obtained solutions of the three subproblems,
the BCD algorithm for solving problem (25) with a given en-
ergy efficiency is summarized in Algorithm 5. Therefore, the
original non-convex problem (24) can be solved efficiently by
iteratively updating the energy efficiency in the outer loop ac-
cording to Algorithm 1 and jointly optimizing the offloading
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Algorithm 4 IRS phase shift optimization algorithm based on
SCA approach

L: ReqUire Ly, Cma 6ivpm,i; T1,72, ﬂv X,a,zf;

2. Initialization; ") , maximum iteration Np,y, Step size 7,
tolerance € and Iteration count ¢t = 0;

3: repeat

4: Calculate the gradient Vg f(©®) from ©):

5: Update the IRS phase shift matrix based on the gradient:

O = oxp {j-arg () +nVe f(0))}:
Make constraint corrections: | @ﬁf;” |=1,Vn;
Update iterationt =t + 1;

Until | f(©¢D) — f(O@W)| < ¢

Ensure Optimal IRS phase shift matrix @* = e+,

° 2 2D

mode selection, UAV trajectory, task offloading ratio, MEC
computational resource allocation, and IRS phase-shift in the
inner loop through Algorithm 5.

Algorithm 5 BCD-based energy efficiency optimization algo-
rithm for IRS-assisted UAV-D2D collaborative MEC system

1: Require X,(,?), afqg),z,f-]’(o), f,Si’(O), 9(0), €, Tax;

2: Initialization: Iteration count ¢ = 0;

3: repeat

4: Given zg’(t), fﬁ{"“, and G(t), call Algorithm 2 to update:
{am ™} o™}

5. Given the updated {wgf;+1)}, {agfl)}, ©®, call Algo-
rithm 3 to update: {z?’(tﬂ)}, {f,(,J,’(tH)};

6: Given the updated {ngfl)}, {aSﬁH)}, {Zz[.]’(t+1)},
{fﬁ{’““) }, call Algorithm 4 to update: ©?);

7: Calculate the current objective function value: F(*+1) =
25:1 ng:l Lim =B 25:1 Eis

8: Update iteration ¢t =t + 1;

9: Until Satisfying convergence
’F(t) - F(t71)| S eort 2 T;nax;

10: Ensure Optimal uninstallation mode {z},}, Mission of-
floading ratio {, } , UAV trajectory {ZZU* }, Computation
resource allocation { f{*}, Optimal IRS phase shift matrix
eF;

conditions

To analyze the computational complexity of the proposed
IRS-D2D-MEC cooperative offloading strategy, the entire op-
timization process is divided into three modules: offloading
mode selection, resource allocation, and IRS phase optimiza-
tion. The analysis is presented as follows.

Offloading mode selection (potential game): With M user
devices, each user considers the strategies of the other M — 1
users in each round of the game. Therefore, the complexity
of a single-round update is O(M?). Convergence to a Nash
equilibrium requires I; rounds. Hence, the total complexity for
this module is O(1I; - M?).

Resource allocation (Lagrange + KKT): With a fixed offload-
ing strategy, bandwidth and computing frequency are jointly
allocated. The number of resources is K. The computational
complexity per iteration is O(M K).
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IRS phase optimization (gradient descent): The number of
IRS reflecting elements is N. Optimizing the phase for each
element requires calculating the complex channel gain. Each
iteration has a complexity of O(N?). With a total of I itera-
tions, the complexity of this part is O(I5 - N?).

Therefore, the total complexity of the overall algorithm is
approximately O (I - M? + MK + I - N?). Under conditions
where N > M, K, the main computational overhead lies in
the IRS phase control part. Considering that the IRS can be
accelerated by parallel processing circuits or approximate linear
methods, the overall complexity remains within an acceptable
polynomial range.

4. SIMULATION RESULTS AND ANALYSIS

This section presents the results of the IRS-assisted UAV-D2D
collaborative MEC offloading to improve energy efficiency, in-
cluding the properties of the proposed algorithm and energy ef-
ficiency performance in a simulated environmental scenario.

In the simulation, a UAV-enabled MEC system is consid-
ered with UDs and SeDs dispersed using a Normal Distribu-
tion (ND), where the UAV flight altitude is set to 100 m, max-
imum flight speed vmax = 50km/h, minimum flight speed
Vmax = Skm/h, and maximum acceleration v, = 5m/s>.
The UAVs were then unloaded into an IRS-assisted MEC sys-
tem. The horizontal position of the first element on the IRS
was [50,25] m; the height was 20 m; and the number of reflec-
tive elements was to N = 40. It is assumed that the UDs have
the same number of task input bits. Other key parameters are
listed in Table 1. In the following, simulation tests of the total
system delay are performed for the variables of the UAV trajec-
tory, total number of the task input bits, reflective elements NV,
and UDs.

TABLE 1. Main parameters of the simulation.

Parameter and Value
R =500m, H=100m
Umax = 50 km/h
Number of time slots 7 = 20
71 = 0.00614, 7 = 15.976
Fy =15 x 10°
BY =20MHZ, B = 10MHZ
o =10"%0p=7x107"

e = 0.001

Description

Location model

Computing model

Communication model

Convergence criterion

To demonstrate the superior performance of the proposed al-
gorithmic system, the performance of the proposed scheme was
evaluated by comparing it with the following four benchmark
schemes:

(1) No trajectory optimization: the trajectory of the UAV fol-
lows a straight line from the initial position to the final
position. The offloading mode and task scaling are im-
plemented using Algorithm 2, the computational resource
allocation is otherwise still handled by the Lagrange mul-
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FIGURE 2. UAV flight trajectories for two different scenarios: the al-
gorithm proposed in this section and the IRS-free scheme.

tiplier method, and the IRS phase optimization is imple-

mented using Algorithm 4.
(2) Stochastic phasing: Algorithms 1 and 2 are used to op-
timize the offloading mode, edge computational resource
allocation, and offloading ratio of the UDs. The step of de-
signing the IRS phase is also skipped, and the IRS phase
was set randomly, obeying a uniform distribution in the
range of [0, 27).

No IRS: The reflection channel of the IRS was set to 0.
The offloading mode selection, edge computing resource
allocation, and offloading ratio of the UDs are designed
according to Algorithms 1 and 2.

3)

(4) Edge greedy: Each UD performs task offloading through
the UAV edge server without involving D2D offload-

ing [23].

First, the UAV trajectory for the IRS-based UAV-D2D-
assisted MEC system is illustrated. Figure 2 illustrates the
flight trajectories of the UAV under two different scenarios:
the algorithm proposed in this section and the no-IRS scenario
[24]. In the scenario without the IRS, it can be observed that
the UAV tends to fly closer to UD to obtain a higher channel
gain. In contrast, in the UAV-MEC system with IRS assistance
proposed in this study, it is observed that the UAV tends
to fly closer to the IRS. This is because the UAV needs to
compromise between a direct link and an IRS-reflected link
when an IRS is deployed to assist the UD offloading task.
By adjusting the phase shift of the IRS using the algorithms
presented in this section, the reflected signals can be coherent
to significantly increase the received signal power of the UAV.
As a result, UAVs tend to fly closer to the IRS rather than the
UD to fully utilize the channel gain from the IRS and improve
the EE.

The proximity of a UAV to an IRS alters its three-
dimensional spatial position. Different flight altitudes cause
the channel to exhibit varying fading characteristics. However,
with the proposed trajectory planning algorithm, the flight
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FIGURE 3. Plot of energy efficiency versus total UDs task input bits.

altitude can be adaptively adjusted. A balance is sought be-
tween flight energy consumption and communication quality.
Furthermore, the IRS phase shifts are optimized based on
real-time channel conditions. Whether the channel follows
Rayleigh fading or Rician fading, the reflection coefficients
are adaptively optimized. Consequently, the impact of UAV
flight altitude on channel characteristics does not hinder the
system’s energy efficiency improvement.

The UDs, SeDs, and IRS reflective elements are set to M =
10, K = 20 and N = 40, respectively. Figure 3 shows the
energy efficiency of the system versus the total UDs task input
bits, where the energy efficiency maximization algorithm pro-
posed in this section is compared with the other four schemes.
It can be seen that after deploying the IRS, the proposed algo-
rithm can achieve higher EE than the other schemes owing to
the joint optimization of the offloading mode and task offload-
ing ratio, UAV trajectory and computational resource alloca-
tion, and IRS phase. In addition, it can be seen that the EE of
the other schemes first increases and then decreases, with the
exception of the full UAV offloading scheme. According to
[25], the total offloading energy consumption of UD can be ex-
pressed as an exponential function related to the offloading data
rate. Because the exponential function grows faster than the lin-
ear function, EE first increases and then decreases as the offload
data rate increases. Therefore, when the total number of task in-
put bits increases, EE first increases and then decreases. For the
full UAV offloading scheme, the EE only shows a decreasing
trend because the full UAV offloading scheme leads to resource
constraints on the UAV edge servers, and the energy consump-
tion is much higher than that of the other schemes. It can also be
observed that if random IRS phasing is chosen, the performance
gain brought about by random IRS phasing is almost negligi-
ble with respect to the no-IRS scheme. This is because in the
random phase scheme, when these signals reflected through the
IRS are merged at the UAV, the channel gain of the reflected
link is almost equal to zero. This result demonstrates the im-
portance of phase optimization in IRS-assisted UAV-D2D col-
laborative MEC systems.

In the theoretical analysis, the IRS is assumed to have con-
tinuous phase shifts. However, in practical hardware, discrete

WWwWw.jpier.org



Progress In Electromagnetics Research B, Vol. 117, 78-93, 2026

rPIER B

phase shifts are often present at IRS elements. Although dis-
crete phase shifts introduce some performance loss, the main
conclusions remain robust. First, compared to schemes without
an IRS, the IRS-assisted UAV-D2D cooperative MEC system
still exhibits an advantage in energy efficiency. The introduc-
tion of the IRS itself is an effective means of improving energy
efficiency. The fundamental conclusion is not altered by dis-
crete phase shifts. Second, the proposed iterative optimization
framework demonstrates a certain adaptability to phase quan-
tization. Performance loss caused by quantization can be par-
tially compensated during the optimization process. Moreover,
in practical deployment, an appropriate number of quantization
bits can be selected based on hardware cost and performance re-
quirements. A balance can be achieved between these two fac-
tors. Therefore, discrete phase shifts do not affect the core con-
clusion: with IRS assistance, the UAV-D2D cooperative MEC
system can effectively improve energy efficiency.

The SeDs, IRS reflection elements, and total task input bits
were set to M = 10, K = 20, and 160 (Mbits), respectively.
Figure 4 shows the trend of the system EE with the number of
UDs for different optimization schemes. It can be observed that
the optimization scheme of this study is significantly better than
the other comparison schemes, and the EE gradually increases
when the UDs are small and slightly decreases after the number
of UDs reaches 12, which indicates that the appropriate number
of UDs helps in MEC task offloading, while too many devices
lead to limited computational resources, which reduces the EE.
Under the Without Trajectory Optimization scenario shows that
Although the EE is lower than the proposed scenario, it still
maintains a high level and increases and then decreases with
the number of UDs. This indicates that even without UAV tra-
jectory optimization, proper task offloading and IRS reflection
gain can still improve EE; however, the heavy UAV compu-
tational load fails to make full use of the optimal flight path
to reduce energy consumption. In contrast, the Random Phase
and Without IRS schemes have a significantly lower EE, and
the EE does not change significantly or even decreases when
the number of UDs increases. It indicates that the phase op-
timization of the IRS reflected signal has a significant impact
on the EE, and the failure to optimize the IRS phase prevents
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FIGURE 4. Plot of energy efficiency versus number of UDs.
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the UAV from making full use of the reflected channel gain,
which leads to a decrease in the EE. In addition, in the Without
IRS scheme, the UAV can only rely on the UDs to directly con-
nect to the channel, and its EE is significantly lower than that
of the optimized schemes studied in this section, indicating that
the IRS plays a key role in the UAV mission offloading pro-
cess. The Greedy Edge scheme has the lowest EE, and the EE
continues to decrease with the increase in the number of UDs,
suggesting that when the UAV is unable to collaborate in the of-
floading with the aid of D2D. When the tasks all rely on UAV
computation, the EE is limited by the computational resources
and cannot be scaled effectively. This further validates the ne-
cessity of D2D collaborative offloading optimization. This ex-
periment verifies that IRS-assisted D2D offloading and UAV
trajectory optimization can effectively improve the EE of task
offloading. Moreover, the curve illustrating the impact of UD
quantity changes on system energy efficiency indicates the ex-
istence of an optimal D2D load range within the system. The re-
sults demonstrate that the proposed solution maintains effective
performance under D2D load conditions and exhibits excellent
scalability. The scheme proposed in this section considers UAV
trajectory optimization, IRS phase optimization, and D2D task
offloading strategy, and is able to maintain a higher EE under
different numbers of users, while the EE of the scheme without
IRS, D2D, or UAV trajectory optimization drops significantly.
This demonstrates the important role of the IRS in UAV com-
putational offloading and further proves the necessity of UAV
trajectory optimization to improve EE.

The UDs and IRS reflective elements, respectively, and the
total task input bits were set to M = 10, N = 40 and 160
(Mbits). Figure 5 demonstrates the effect of different algo-
rithms on the system EE with varying numbers of SeDs. The
results show that the energy efficiency of all the algorithms
shows an increasing trend with the increase in the number of
SeDs, but the performance difference between the algorithms
is significant. Among them, the proposed scheme achieves sig-
nificant energy efficiency gains by jointly optimizing the UAV
trajectory, IRS reflection phase, and resource allocation strat-
egy, which outperforms the other compared algorithms under
all the conditions of the number of SeDs, verifying its superi-
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FIGURE 5. Plot of energy efficiency versus number of SeDs.
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ority. While the Without trajectory scheme can improve part
of the energy efficiency, its performance is still significantly
lower than that of the proposed algorithm, indicating that the
dynamic adjustment of the UAV trajectory is crucial for energy
efficiency optimization. In addition, the IRS algorithms using
the Random Phase scheme and Without IRS scheme have simi-
lar performance, both of which are significantly better than the
Greedy Edge scheme, but much less than the joint optimization
scheme, further highlighting the importance of IRS phase opti-
mization. It is particularly noteworthy that the Greedy Edge al-
gorithm does not have SeDs for auxiliary task offloading; thus,
changes in the number of SeDs have no effect on the algorithm,
again reflecting the difficulty of relying solely on the locally
optimal policy to achieve global performance enhancement in
complex multi-user environments.
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FIGURE 6. Plot of energy efficiency versus number of IRS reflective
units (N).

The UDs, SeDs, and total task input bits M = 10, K = 20
and 160 (Mbits), respectively. As can be seen in Figure 6,
the EE of all schemes except the Random Phase scheme in-
creases with the number of IRS elements and starts to level off
at the number of reflection elements N equal to 70. This is
because additional reflection elements provide additional de-
grees of freedom for designing more efficient phase-shifting
strategies. The algorithm proposed in this study consistently
outperformed without Trajectory Optimization, Random Phase
scheme, and the Greedy Edge scheme. This is because offload-
ing pattern and task ratio, UAV trajectory and computational
resource allocation, and IRS phase shifting are jointly consid-
ered in the algorithms proposed in this section. It should be
noted that the performance gap between the proposed algorithm
and Random Phase scheme increases as the number of IRS ele-
ments increases, which further validates that the joint optimiza-
tion of the offloading mode with task ratio, UAV trajectory with
computational resource allocation, and IRS phase-shift superi-
ority are jointly considered. Under varying IRS configurations,
practical deployment also necessitates balancing performance
gains against hardware costs. It is noted that the performance
gap between the proposed algorithm and random phase scheme
gets larger as the number of IRS elements increases, which fur-
ther validates the necessity of jointly optimizing the offloading
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mode with the task ratio, UAV trajectory with computational
resource allocation, and IRS phase-shift optimization.

5. CONCLUSIONS

In this study, IRS-based D2D-assisted MEC collaborative of-
floading is investigated, with further consideration given to
the incorporation of UAV scenarios. A joint optimization
strategy for maximizing the energy efficiency is proposed.
This study suggests a dual-loop iterative optimization frame-
work that combines the Dinkelbach and BCD algorithms. The
framework addresses the challenges of high coupling and non-
convexity by focusing on three major areas: offloading deci-
sions and task allocation, UAV trajectory planning and compu-
tational resource allocation, and IRS phase-shift optimization.
This approach meets the low-latency, high-energy-efficiency
requirements of UDs, advancing the development of collabo-
rative networks, including IRS, D2D communication, MEC,
and UAV trajectory planning. Additionally, the proposed al-
gorithm maintains a high energy efficiency under varying task
loads and user counts, demonstrating its practical application
potential in real-world environments. The joint optimization
strategy not only enhances energy efficiency, but also provides
a valuable reference for network infrastructure deployment and
operational cost considerations. However, with the increasing
demand for 6G and advancements in MEC, current research
faces several challenges. For instance, the present research pri-
marily focuses on the cooperative optimization of a single UAV
and IRS, neglecting the computational complexity or energy
consumption associated with large-scale IRS deployments, as
well as the robustness of algorithms in dynamic environments.
Therefore, these areas warrant further investigation in future
research.
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