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Abstract—In the evolving landscape of wireless communica-
tions for 5G, 6G, and beyond, the deployment of unmanned
aerial vehicles (UAVs) has emerged as a groundbreaking strategy
to expand coverage areas due to their flexibility and ease
of deployment. Simultaneously, reflecting intelligent surfaces
(RISs) have introduced a transformative paradigm aimed at
improving key performance metrics, such as average sum-rate
and energy efficiency (EE). The seamless integration of advanced
technologies, including UAVs, RIS, and nonorthogonal multiple
access (NOMA), presents a promising avenue for significantly
boosting the performance and efficiency of next-generation com-
munication systems. This study investigates EE maximization for
two scenarios in a NOMA-enabled mmWave network: 1) multi-
UAV-mounted base stations (BSs) and 2) multi-UAV-mounted
distributed RIS. In both cases, each UAV serves a NOMA
cluster with imperfect successive interference cancellation (SIC),
capturing the impact of hardware impairments in real-world
NOMA systems. For each scenario, an optimization problem is
formulated to maximize EE by jointly optimizing the beamform-
ing matrix, phase shift matrix, NOMA power allocation, and
UAV 3-D placement. The nonconvex problems are tackled using
both model-based and model-free deep reinforcement learning
(DRL) algorithms under constraints, such as minimum Quality
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of Service (QoS), beamforming and phase shift limits, and UAV
trajectory constraints. The simulation results demonstrate that
the proposed DRL algorithms significantly enhance spectral
efficiency (SE) and EE, showcasing their suitability for 6G
communication systems. Furthermore, a comparative analysis
with orthogonal multiple access (OMA) and spatial-division
multiple access (SDMA) confirms that NOMA outperforms
both techniques, achieving substantial gains in efficiency and
performance.

Index Terms—mmWave, model-based deep reinforcement
learning (DRL), model-free DRL, nonorthogonal multiple access
(NOMA), reflecting intelligent surface (RIS), unmanned aerial
vehicle (UAV).

I. INTRODUCTION
A. Motivation

ITH the rapid development of unmanned aerial vehi-
Wcles (UAVs) in the fifth-generation (5G) of mobile
networks, they are playing a significant role in improving
spectral efficiency (SE) [1]. UAVs have many advantages,
such as high mobility, low cost, and Line-of-Sight (LoS)
transmission, which can be utilized to improve throughput,
average secrecy rate, and energy efficiency (EE) [2], [3].

Reflecting intelligent surface (RIS) is a technology that has
gained interest due to its potential to steer signals to desired
paths with low-cost surfaces. RIS uses a determined number
of square patch antennas with digitally controllable amplitude
and phase modules to achieve passive beamforming [4].
However, to match the performance of a relay, RIS requires
a higher number of elements. Moreover, RIS may result in
a lower signal-to-noise ratio (SNR) compared to massive
multiple-input-multiple-output (MIMO) systems [5].

Nonorthogonal multiple access (NOMA) is a promising
technology for enhancing the SE of wireless networks. In
NOMA, multiple users share the same spectrum resources
by assigning different power levels to different users. This
power-domain multiplexing allows NOMA to support a greater
number of users compared to traditional orthogonal multiple
access (OMA) schemes, which allocate distinct resources to
each user, leading to a more efficient use of the available
bandwidth [6].

In NOMA systems, the success of the transmission relies
heavily on successive interference cancellation (SIC), a
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technique used to decode the signals of multiple users simul-
taneously by first canceling the strongest signal and then
progressively canceling weaker signals. SIC allows users
with different power levels to coexist in the same frequency
band, but its performance is sensitive to the accuracy of the
interference cancellation process. Perfect SIC refers to the
ideal scenario where interference cancellation is flawless, and
all signals are correctly decoded without residual interference.
However, in practical scenarios, imperfect SIC is inevitable.
Imperfect SIC occurs when the cancellation process is not per-
fect, leading to residual interference from incorrectly decoded
signals. This imperfection can degrade the quality of the
received signal, reducing the system’s overall performance [7].

We model this imperfect SIC by introducing an SIC error
term, which accounts for inaccuracies in the interference
cancellation process. This error term becomes especially
significant in highly dynamic environments where channel
conditions fluctuate rapidly, such as in mobile networks
or networks with varying interference. By incorporating
SIC errors, we provide a more realistic representation
of SIC performance in real-world systems, where hard-
ware limitations, channel estimation errors, or environmental
dynamics contribute to imperfect interference cancellation.
This modeling approach highlights the challenges faced in
practical NOMA deployments and emphasizes the need for
robust algorithms that can mitigate the impact of imperfect
SIC on system performance.

Also, NOMA is particularly well suited for UAV-
assisted networks, as UAVs can be used to provide
LoS links to users, which improves the performance of
NOMA [8].

The integration of RIS, UAVs, and NOMA is motivated
by the synergistic advantages these technologies offer. RIS
enhances signal coverage and adaptability by strategically
adjusting reflection coefficients, while UAVs provide dynamic
network adaptability, extended coverage, and energy-efficient
deployment. NOMA, through efficient resource sharing, boosts
system capacity. The combined utilization of RIS, UAVs, and
NOMA aims to create a versatile and resilient wireless com-
munication system, addressing challenges related to coverage,
adaptability, capacity, EE, and security, while harnessing the
unique strengths of each technology for future-proofed and
high-performance networks.

Deep reinforcement learning (DRL) tools are gaining
traction in beamforming optimization due to several key
advantages over traditional optimization algorithms, particu-
larly in handling nonconvex beamforming problems [9], [10],
[11], [12], [13].

1) Handling Nonconvex Optimization: Traditional meth-
ods struggle with nonconvex UAV-RIS beamforming
problems, often getting trapped in suboptimal solutions.
DRL algorithms excel by exploring solution spaces
effectively, leading to better outcomes.

2) Adaptability to Dynamic and Stochastic Channels: DRL
outperforms traditional optimization in dynamic envi-
ronments, where wireless conditions change frequently.
DRL’s adaptability allows for real-time optimization,
unlike stationary-based traditional methods.
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3) Dealing With High-Dimensionality: DRL is adept at nav-
igating high-dimensional decision spaces, common in
mmWave channels. Its function approximation capabil-
ities enable efficient exploration without being hindered
by local optima.

4) Learning From Data-Driven Experience: Unlike tradi-
tional methods relying on explicit mathematical models,
DRL learns directly from data, adapting to real-world
scenarios without perfect models.

5) Handling Uncertainty and Partial Information: DRL
effectively incorporates uncertain UAV-RIS channel
conditions and limited feedback into decision-making,

leading to robust strategies even with imperfect
information.
6) Joint Optimization and Exploration: DRL excel

in balancing conflicting objectives like throughput
maximization, interference minimization, and latency
reduction. Its ability to explore multiple strategies aids
in finding appropriate beamforming solutions.
The key motivation behind DRL over alternative learning tools
lies in its adaptability to dynamic environments, ability to han-
dle uncertainty, and efficiency in exploring high-dimensional
solution spaces.

B. Related Work

In this section, we categorize the related works into two
distinct categories based on the proposed system models:
1) UAV-mounted BS and 2) UAV-mounted RIS. By organizing
the literature in this way, we aim to highlight the unique
contributions, challenges, and gaps in both categories, providing
a structured foundation for our proposed unified framework.

1) UAV-Mounted BS: The authors in [14], [15], [16], [17],
[18], [19], [20] considered UAV-mounted base station (BS) in
their system model.

In [14], an efficient framework was suggested to optimize
the active and passive beamforming at UAV and RIS as
well as the UAV trajectory by maximizing the received signal
power. The IoT wireless networks with the assistance of
a UAV, and one RIS were studied in [15]. The authors
investigated maximizing the total network sum-rate for opti-
mizing the UAV trajectory, the energy harvesting scheduling
of IoT devices, and the RIS phase shift matrix. However, user
clustering in NOMA groups and EE optimization were not
considered in [14] and [15]. In [16], the EE maximization in
the RIS-assisted UAV-enabled mobile-edge computing (MEC)
systems was considered, where an iterative algorithm was
utilized for jointly optimizing the bit and power allocation, RIS
phase shift design, and UAV trajectory. However, the NOMA
technique was not included in this research.

In [17], an RIS assisted multi-UAV system with NOMA
communication was investigated. The authors maximized the
sum-rate of the network by optimizing the passive beam-
forming at RIS, and trajectory at UAV in the NOMA
clusters. In [18], multiple RIS were utilized to establish
additional and intelligent transmission links between NOMA
users and UAV-mounted BS. The authors formulated a
throughput maximization problem for optimizing the UAV
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trajectory, passive beamforming of the RIS, and the power
and time allocation. The optimization problem was solved
using the Lagrange-based reward-constrained proximal policy
optimization (LRCPPO) algorithm. However, the effects of
imperfect SIC and EE maximization were not addressed
in [17] and [18]. In another research [19], a combination of
UAV-RIS was proposed for NOMA communication systems
which focused on minimizing the power consumption by
optimizing the phase shift of RIS, UAV trajectory, and power
allocation for transmitting data between the UAV and the users.
The work in [20] addressed the problem of maximizing EE
in a UAV-RIS system with NOMA transmission. The authors
utilized deep deterministic policy gradient (DDPG) to solve
the optimization problem. However, they did not investigate
the use of model-based DRL methods and did not consider the
trajectory of the UAV and imperfect SIC. As highlighted in the
mentioned studies, the system model was based on idealized
channel conditions and assumptions.

2) UAV-Mounted RIS: In [21], [22], [23], [24], [25], [26],
[27], [28], and [29], a UAV-mounted RIS model with the BS
and users on the ground was developed.

The aim of [21] was to maximize the secrecy EE by jointly
optimizing the UAV trajectory, phase shift at RIS, user asso-
ciation, and transmit power. However, NOMA transmission
and active beamforming at the BS were not investigated.
In [22], a system was assisted to aid the cell-edge users and
enhance the quality of data transmission. The authors focused
on optimizing beamforming vectors at the BS and phase
shifters at the RIS by maximizing the EE metric. However,
the NOMA transmission was not addressed. Moreover, [23]
introduced an innovative system design incorporating ambient
backscatter communication into UAV-mounted RIS networks,
showcasing the potential of this integration in enhancing
wireless connectivity. Building on this, [24] developed a
detailed path loss model specifically for scenarios involving
UAV-mounted absorbing metasurfaces, with experimental val-
idation conducted in a controlled anechoic chamber, ensuring
the reliability of their findings. Shifting focus to trajectory
design, [25] concentrated on optimizing 3-D UAV trajectories
in urban settings to enhance the SNR for ground users,
addressing challenges posed by complex urban environments.
Additionally, [26] explored the joint optimization of UAV
trajectories and RIS configurations, aiming to facilitate effi-
cient computational task offloading in IoT networks. These
studies underline the importance of considering both commu-
nication strategies and trajectory planning to fully harness the
capabilities of UAV-mounted RIS systems in diverse wireless
network applications. Aung et al. [27] investigated an energy-
efficient downlink communication system utilizing multiple
UAV-mounted RISs. They formulated a problem to maximize
EE by jointly considering RIS deployment, reflecting element
on/off states, phase shifts, and power control. The problem
was decomposed into three subproblems: 1) RIS deployment;
2) joint reflecting element state and phase shift optimization;
and 3) power control. To address these, the authors employed
the successive convex approximation (SCA) approach, actor—
critic proximal policy optimization (AC-PPO), and the whale
optimization algorithm (WOA) in an alternating manner.
However, the study did not incorporate NOMA transmission,

IEEE INTERNET OF THINGS JOURNAL, VOL. 12, NO. 14, 15 JULY 2025

and the optimization problem was not solved in a fully joint
manner.

In [28], a NOMA system was considered with the objective
of maximizing the data rate for the proximate user while
ensuring a satisfactory target rate for the distant user to assure
the Quality of Service (QoS). The optimization of horizontal
position of the UAV, BS beamforming vectors, and the RIS
phase shifter was studied to achieve higher data-rates for users,
but EE optimization and imperfect SIC were not considered.
A similar system to that in [22], with a comparable objective,
was examined in [29], incorporating NOMA for uplink data
transmission. However, neither power control nor the effects
of imperfect SIC were addressed in [22] or [29].

C. Contributions

Existing research on UAV-RIS systems has explored various
optimization approaches, yet several critical challenges remain
unaddressed. One major hurdle is the seamless integration
of UAVs, RIS, and NOMA into a unified framework, given
their diverse characteristics and functionalities. Additionally,
optimizing EE requires comprehensive solutions that account
for power consumption, active and passive beamforming, and
environmental sustainability. Another key challenge is imper-
fect SIC in NOMA transmission, which affects interference
cancellation but is often overlooked in prior studies. To address
these gaps, this article investigates two deployment scenarios.

1) UAV-Mounted BS With RIS Assistance: A system where
a UAV carries a BS to enable communication in areas
where fixed infrastructure is impractical.

2) UAV-Mounted RIS for Enhanced Communication: A
setup where RIS-equipped UAVs improve the quality
and efficiency of wireless transmission.

Both scenarios focus on maximizing EE through the joint
optimization of the UAV or BS beamforming matrix, RIS
phase shift matrix, power gain in NOMA transmission, and
UAV 3-D placement. To achieve this, we employ both model-
free and model-based DRL algorithms, marking the first use of
model-based DRL for EE maximization in RIS-assisted UAV
networks. The key contributions of this work are as follows.

1) Comprehensive UAV-RIS-NOMA Optimization
Framework: We propose a unified framework integrating
UAV placement, RIS configuration, and NOMA. Two
complementary scenarios are introduced.

a) RIS-Enhanced Multi-UAV-Mounted BS for NOMA
Networks: This scenario examines how RIS
can enhance communication efficiency in UAV-
mounted BS networks.

b) Multi-UAV-Mounted RIS for NOMA Transmission:
This scenario explores how multiple UAVs can
optimize RIS configurations to improve NOMA
performance.

2) UAV-Mounted BS and UAV-Mounted RIS Deployments:
The study investigates both UAV-mounted BS and
UAV-mounted RIS architectures, demonstrating their
effectiveness in enhancing EE while maintaining accept-
able SE.

3) Joint Optimization of Key Parameters: To tackle non-
convex optimization challenges, we jointly optimize the
UAV or BS beamforming matrix, RIS phase shift matrix,
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power allocation for NOMA transmission, and UAV 3-D
placement, ensuring efficient resource utilization.

4) Novel Application of Model-Based DRL: We introduce
both model-free and model-based DRL to solve the
optimization problem, with model-based DRL being
used for the first time in EE maximization for UAV-
assisted RIS systems.

5) Realistic Consideration of Imperfect SIC in NOMA:
Unlike previous studies, we account for imperfect SIC,
where interference cancellation is not ideal due to
hardware limitations and signal processing inaccuracies.
Our analysis compares scenarios with both perfect and
imperfect SIC, offering a practical evaluation of system
performance.

6) Comparative Performance Analysis of Multiple Access
Techniques: Simulation results provide insights into
NOMA, SDMA, and OMA transmission under various
conditions. For NOMA, perfect SIC achieves superior
SE and EE compared to imperfect SIC. For OMA,
performance is evaluated under both zero and nonzero
interference. For SDMA, we assess the impact of
both perfect and imperfect detection. Across all cases,
NOMA consistently outperforms SDMA and OMA in
terms of SE and EE, reinforcing its potential in UAV-RIS
networks.

Table I summarizes the characteristics of the related works

and the proposed network.

The remainder of this article is organized as follows.
Section II provides a detailed description of the proposed RIS-
assisted UAV network. Section III formulates the optimization
problem, focusing on the design of active and passive
beamforming, power allocation, and UAV 3-D placement.
Section IV introduces the proposed DRL-based solutions to
address the formulated problems. Section V presents and
analyzes the numerical results, while Sections VI and VII
conclude this article and discuss future research directions.

II. SYSTEM DESCRIPTION

We consider a general wireless communication network
consisting of UAVs, RIS, UAV-mounted RIS, and BS, as
illustrated in Fig. 1. The network design aims to address
various scenarios where traditional communication links face
challenges.

In scenarios where the LoS between the users and the BS
is obstructed by obstacles, a UAV-mounted RIS is deployed to
establish a reflected communication path, thereby enhancing
signal propagation and coverage. The UAV-mounted RIS
actively adjusts its reflection coefficients to optimize the
communication channel quality dynamically. In environments
lacking a terrestrial BS, a UAV-mounted BS, in conjunction
with an RIS, is employed to provide seamless connectivity to
the users. The UAV-mounted BS acts as the primary signal
transmitter, while the RIS assists in overcoming path loss and
mitigating shadowing effects by intelligently reflecting and
focusing the signal toward the users.
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Fig. 2. Proposed multi-UAV-mounted BS NOMA network.

To simplify the analysis and facilitate a deeper understand-
ing of the proposed network model, we categorize the system
into two distinct operational scenarios.

1) UAV-Mounted BS Scenario: This scenario focuses on the
deployment of a UAV-mounted BS for direct communi-
cation with users, complemented by the RIS to enhance
coverage and signal quality.

2) UAV-Mounted RIS Scenario: This scenario emphasizes
the role of a UAV-mounted RIS in assisting communica-
tion between users and a terrestrial BS when direct LoS
is unavailable.

The technical modeling and optimization of each scenario
are thoroughly analyzed in the subsequent sections, addressing
the challenges and operational considerations inherent to these
configurations.

A. Multi-UAV-Mounted BS

Fig. 2 illustrates the proposed narrow-band RIS-enhanced
with multi-UAV-mounted BS for NOMA networks. In our
proposed scenario, K rotary-wing UAVs are deployed to serve
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TABLE I
SUMMARY OF THE PROPOSED METHOD AND RELATED WORKS
Objective UAV-mounted BS UAV-mounted RIS NOMA Imperfect SIC Energy Efficiency Solution
liesig?ir?g ‘acolive imd passive DQN, DDQN,
Proposed | ~cAmiorming matrix, power v v v v v DDPG, TD3,
allocation, UAV 3D MBPO
placement, Maximizing EE
Designing active and passive
beamforming matrix, UAV S .
[14] 3D placement, Maximizing v X X X X Iterative algorithm
received signal power
Passive beamforming, UAV
[15] 3D placement, Maximizing v X X X X DDPG and PPO
sum-rate
Power allocation, passive
[16] beamforming, UAV 3D v X X X v Iterative algorithm
placement, Maximizing EE
Designing passive
beamforming, UAV 3D BCD-based
171 placement, Maximizing v x v x X iterative algorithm
sum-rate
Passive beamforming, power I
allocation, UAV 3D L?cr‘anbe
[18] o SRR v X v X X multipliers and
placement, Maximizing
PPO
throughput
Designing passive
beamforming, UAV 3D
[19] placement, power allocation, v X ' X v DDQN
Minimizing power
consumption
Passive beamforming, power
[20] allocation, Maximizing EE v X v X v DDPG
Power allocation, passive
[21] beamforming, UAV 3D X v X X v Iterative algorithm
placement, Maximize EE
Active and passive
[22] beamforming, Maximizing X v X X v Iterative algorithm
EE
Active and passive
[28] beamforming, UAV.3D X v v X X Iterative algorithm
placement, Maximize
data-rate
Active and passive semi-definite
[29] beamforming, Maximizing X v v X v relaxation
EE technique
K NOMA groups, assisted by an RIS equipped with N as [30]
reflecting elements. In this research, UAVs and ground user
equipments (g-UEs) are considered with N; and one antennas, i 00
respectively. It is assumed that UAVs and RIS serve g-UEs hijq = ” uk ”aUG
by the active and passive beamformings, respectively. The @ '
locations of the g-UEs and the RIS are fixed and represented 1
. . sl
with u¥ = [%, y*, 217 for the ith g-UE of the kth UAV, and T e + ﬁuc T pug G &)
r = [x,, y,,z-]7 for the RIS. Also, the locations of K UAVs
— T — .
are denoted by Q = [q1, q2, ..., qx]" Where qi = [xk, yk, 2]. hhi
RG — ARG
v - U? H
. I BRG ki T g
1) Channel Model: ITn UAV-assisted communication ————hp. + [ ———hp; 2)
1+ Brc 1 + Bre

systems, understanding the nature of the wireless channel
is crucial because it directly impacts system design and
performance. To model the channel accurately, we adopt a
Rician fading model, which captures the hybrid propagation
environment characterized by both LoS and Non-Line-of-Sight
(NLoS) components. This is particularly relevant in UAV
communication systems, where the UAVs’ elevated position
often ensures a dominant LoS path, while multipath scattering
introduces NLoS components. The channels between the kth
UAV and RIS with the ith g-UE, uf-‘, are, respectively, denoted
by h];]’G e C*N and h];gé € CV*!, which can be expressed

where pp is the path loss at the reference distance of one
meter, ayg and arc represent the path loss exponents of
the UAV to g-UE (U-G) and RIS to g-UE (R-G) hnks
respectively, Byc and Bgrg denote the Rician factors, hUG,
l_ll;’lG show the deterministic LoS components, and hUG, h

are the stochastic nature of multipath scattering which are
random Rayleigh distributed NLoS components. Therefore, the
deterministic LoS term reflects the direct, unscattered path,
while the random NLoS term captures the impact of multipath
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propagation caused by reflections and diffraction in the envi-
ronment. Both (1) and (2) include geometric dependence on
the distances between the respective nodes, which accounts
for the attenuation of signal power with increasing distance.

For the UAV-to-RIS channel h’l‘]R e CV*Ni modeled in (3).
According to [31], the air-to-ground communication channels
are mainly dominated by the LoS links, which simplifies the
representation due to the high likelihood of an unobstructed
path between UAVs and RISs. Furthermore, it is assumed that
the Doppler effect induced by the mobility of the UAV is
perfectly compensated at the receivers [32]. The deterministic
LoS component, ﬁ]{,R dominates this link, making it well suited
for RIS-enabled systems where predictable and stable channels
are desirable for efficient phase adjustment and beamforming.
Therefore, the channel of the link from the kth UAV to RIS
(U-R link), h’(‘]R € CN*Nt_ can be displayed as [30]

£0 =~
———hjp. 3
lax — )2 V% =

hie =

The effective channel power gain combines the mentioned
individual channels and incorporates the effect of the RIS. The
RIS is modeled through the diagonal matrix ®, which enables
dynamic phase shifting to constructively combine signals from
the direct and reflected paths, enhancing the received signal
power. The frequency-flat RIS reflection matrix is shown by

® = diag(/”, €%, ..., ) 4)

where ® € CY*V and ¢, € [0,27) Vn denotes the
corresponding phase shift of the nth reflecting element of the
RIS [33].

This equation also includes the beamforming vector w]f,
which optimizes the UAV’s transmission toward the intended
gUE. The mathematical formulation thus encapsulates the
interplay between channel characteristics, RIS functionality,
and UAV beamforming, offering a complete picture of the
communication link. Therefore, the effective channel power
gain between the kth UAV and ui-‘ with the aid of the RIS,
cri € CVNeis given by

. . 2
e = [(hEL + (i) ol ) wh (5)

where () is the Hermitian and W’f e CNi*1 ig the beamform-
ing vector of the UAV.

2) Signal-to-Interference-Plus-Noise  Ratio: Here, we
assume that each UAV employs NOMA to provide
communication services for g-UEs. Without loss of generality,
we define the user ordering based on channel gains as follows:

CkN, = - > ¢k 1 (6)

> Cki = Cj =
where N, is the number of g-UE in each cluster. In the
NOMA scheme, SIC is employed at the receiver, enabling
strong users (i.e., users with higher channel gains) to cancel
or mitigate the interference caused by weaker users (i.e., users
with lower channel gains). To ensure a more practical scenario,
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we consider the impact of imperfect SIC. Hence, the signal-to-
interference-plus-noise ratio (SINR) of strong user ui.‘ (denoted
as SINRy ;), will be equal to

k,iCk,iP
1
o2+ EckiPY i Lin
k

where i ; is the transmission power gain for uj, ensuring
that vaz“l lki < 1 and maintaining the ordering &k n, <

© < &k < &y < -+ < &k,1. Additionally, P denotes the
transmission power of the UAV and o is the noise power. The
parameter £ represents the imperfect SIC coefficient, where
& = 0 corresponds to perfect SIC, £ = 1 represents no SIC,
and & € [0, 1) accounts for imperfect SIC scenarios.

Similarly, the SINR of weak user uj’? ( denoted as SINRy ;),
can be written as

SINR;; =

(7

ik iP
N .
o2+ Ck,jP Znij-H Ckn

This formulation captures the effect of imperfect SIC on the
performance of NOMA, ensuring a more realistic represen-
tation of real-world scenarios where interference cancellation
is not always ideal due to hardware limitations, channel
estimation errors, and environmental dynamics.

3) Spectral Efficiency and Energy Efficiency : SE is defined
as the information rate that can be transmitted over a given
bandwidth. Also, EE is characterized by the number of bits
that can be transmitted over a unit of power consumption. The
SE of uf (n;fﬁ) is obtained as

SINR; j =

®)

nSE = logy(1 + SINRy,), (bits/sec/Hz). ©)

In UAV-based systems, power consumption is a critical
consideration due to the limited energy resources of UAVs and
the need to optimize operational efficiency. The total power
consumption of a UAV (P’,‘) includes contributions from the
UAV’s transmit power (P), the RIS power consumption (Pg;s),
and the UAV’s propulsion energy (Pyav) [22]

P{ = P+ Pris + Puav (10)

where
Pris =NP,,n=1,...,N an
Puav = a1V* +ay/V. (12)

The RIS power consumption (Prys) is detailed in (11),
where it is modeled as the product of the number of RIS
elements N, the per-element circuit power P, [34]. This
representation reflects the energy required to dynamically
adjust the phase of incident signals, with P,, depending on the
RIS hardware and resolution. The scalability of RIS power
with the number of elements highlights the tradeoff between
improved performance (via larger RIS arrays) and increased
energy expenditure. The UAV’s propulsion power (Pyav)
expressed in (12), is modeled as a function of its constant
velocity V. The term a; V> represents the power required to
overcome aerodynamic drag, which increases with the cube
of the velocity, while the term a;/V accounts for the energy
consumed to sustain lift, which decreases with higher velocity.
The constants a; and a; depend on UAV-specific parameters,
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Fig. 3.

Proposed multi-UAV-mounted RIS NOMA network.

such as weight, wing area, and air density [35]. This model
captures the complex relationship between UAV velocity and
power efficiency, offering insights into optimal speed selection
for energy savings.

Together, these equations provide a comprehensive frame-
work for analyzing power consumption in UAV-assisted
systems, linking physical phenomena (e.g., drag and lift) with
practical design considerations. By combining the channel
and power models, the analysis becomes robust, enabling
performance optimization under realistic energy constraints.

Finally, the EE of the network (nFE) can be calculated as
follows [36]:

EE _ Zk 121 1’71”
pEE = Sl &=l ki
Zk:l

where Pf represents the total power consumption of the kth
UAV.

. (bits/sec/Hz/J) (13)

B. Multi-UAV-Mounted RIS

As shown in Fig. 3, a downlink multi-UAV-mounted RIS
NOMA is considered with K rotary-wing UAV-RIS and one
BS. Owing to the obstruction posed by tall buildings, an NLoS
channel is present between the BS and each g-UE. In this
particular scenario, each UAV, equipped with an RIS, functions
as a passive relay to enhance communication between the g-UEs
and the BS. The BS is outfitted with M antennas, and its location
remains fixed and represented with b = [xp, yp, 25]-

1) Channel Model: In a similar procedure, the Rician
fading channel model is assumed for all communication links.
Hence, the channels between the kth UAV-RIS and uf-‘ , between
the BS and u and between the kth UAV-RIS and BS are,
respectlvely, denoted by gUG e CNx1, ggl e CP*M and
ghp € CVM which can be expressed 51m11ar to (1)=(3).
Hence, the effective channel power gain of u dy i, is given
by

(14)

. \H 2
k, ,
dyi = '(gB(l? + (g]lcjé;> q’glf/R) Wé

where wé € CMx1 is the beamforming vector at the BS [37].
In this scenario, the BS power consumption (Pps) is added
to the total power consumption defined in the previous part.
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The calculation of SINR, SE, and EE for the second scenario
is similar to the previous section.

III. PROBLEM FORMULATION
A. Multi-UAV-Mounted BS

Our design focuses on maximizing the EE of the commu-
nication system by jointly optimizing the UAV beamforming
matrix, RIS phase shift matrix, power gain of NOMA trans-
mission, and UAV 3-D placement. Hence, the optimization
problem is formulated as

max  ntF (15)
Q.5 @, W
subject to:
Si: @ —diag(ef¢',...,ei¢N), ¢n €10,21) Vn
Sa: [WilP =1 Vk

Ny
S3: SINR;; > SINRy,, anl > vk
i=1

Ny
S4: Z;k,ip < Prmax,
i=1

Ss: Zmin < 2k < Zmax, |Gk — qjll = Amin Yk #j. (16)

Constraint S1 denotes the phase shift constraint of each RIS
subsurface. Constraint S; shows the restriction of the power
for beamforming matrix at UAV. Constraint S3 demonstrates
that the received SINR of each g-UE and sum-rate of each
cluster should be higher than the threshold values (SINR,;, and
ntShE) to satisfy the minimum QoS requirements. According
to S4, the maximum transmission power of UAV for each
cluster is Pmax. To guarantee operational safety and prevent
collisions, the flying height of the UAV and the separation
distance between any two UAVs should satisfy the constraint
Ss, where [Znin, Zmax] defines the permissible range for UAV
flying height, and A, represents the minimum inter-UAV
distance necessary for collision avoidance.

B. Multi-UAV-Mounted RIS

Same as the previous part, our goal is to maximize the EE
of the communication system by jointly optimizing the BS
beamforming matrix, RIS phase shift matrix, power gain of
NOMA transmission, and UAV-RIS 3-D placement. Hence,
the optimization problem is reformulated as

max  n°F (17)
Q5. O W
subject to:
= dlag(e"ﬁkv', ...,ei‘f’kv"’), ¢, €[0,27) Vn
Sz. ||w2||2 =1 Vk
S3 — Ss. (18)

Constraint Sy is related to the phase shift limitations of each
UAV-RIS subsurface. Constraint S; is the limitation of the
power for beamforming matrix at BS. Constraints S3—Ss are
the same as (16).
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IV. PROPOSED DRL-BASED SOLUTIONS

In this study, we propose a solution for optimizing the beam-
forming matrix, RIS phase shift matrix, power allocation, and
UAV 3-D placement, as represented in (15)—(18). These objec-
tive functions are nonconvex, making them unsolvable using
traditional convex optimization methods. Therefore, we turn to
DRL algorithms to address these challenges. The selection of
DRL models is based on their ability to effectively optimize
multi-UAV-mounted BS and multi-UAV-mounted RIS systems
in dynamic wireless environments, while balancing compu-
tational complexity, convergence speed, and adaptability. We
employ DQN, DDQN, DDPG, TD3, and MBPO algorithms.
DQN and DDQN are chosen for their simplicity and efficiency
in discrete action spaces, though they are less effective in
complex, high-dimensional scenarios. DDPG and TD3 are
more suited for handling continuous action spaces, making
them better for optimizing UAV positions, RIS phase shifts,
and power allocation, with TD3 offering enhanced stability.
MBPO, a model-based approach, improves learning efficiency
by leveraging environmental predictions, making it particu-
larly well suited for dynamic RIS optimization. Comparative
analysis indicates that while MBPO achieves the best spectral
and EE, it requires more training episodes, demonstrating its
adaptability to real-world deployment challenges. The system
parameters are defined as follows.

Agent: The UAV and BS are treated as agents.

State: The last received SINR of u’;‘ at time ¢ denotes the
state (s), hence we have

s = [SINRg ;] (19)

1<i<N,*
where [.] denotes vector.

Action: The action, a, is the set of available beamforming
and RIS phase shift matrix, transmission powers, and UAV
3-D placement. In deep Q-network (DQN) and double DQN
(DDQN), the action space should be discrete, so we quantize
the mentioned parameters to b bits.

Reward: The DRL method optimizes system performance
by using a reward function that guides the agent’s decisions
while balancing key objectives and system constraints. In
this formulation, the reward function is constructed as the
sum of the EE objective function (nFF) and penalty terms
that enforce critical constraints. These constraints include
maintaining the SINR above a required threshold, ensuring SE
meets the predefined limit, adhering to the total transmission
power constraint, and preserving the minimum UAV separation
distance. Mathematically, the reward function is expressed as

r = nPE — |SINR; — SINR| —

Ny

SE _ . SE
Z Nk,i = Nin
i=1

N,

Xu: g-k,iP — Pmax

i=1

— |k = @i = Amin].  20)

Here, the absolute differences ensure that deviations from the
required constraints are penalized, encouraging the DRL agent
to find an optimal policy that satisfies all conditions while
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TABLE II
MEAN SE COMPARISON OF DRL METHODS (BITS/S/HZ)

Proposed Multi-UAV mounted BS Multi-UAV mounted RIS
Scenarios

SIC Effect Perfect Imperfect Perfect Imperfect
DQN 22.6 3.8 24.6 44
DDQN 26.4 52 27.3 52
DDPG 28 6 30.2 7

TD3 38 8 36.9 8.6
MBPO 40 8.8 39.1 9.4

maximizing EE. This formulation allows the agent to effec-
tively navigate the solution space, ensuring both performance
and feasibility in a dynamic wireless environment.

Two kinds of DRL methods defined as model-free and
model-based DRL are employed to solve the optimization
problems. Model-based learning uses a model of the envi-
ronment to learn the optimal policy. This can be more
efficient than model-free learning, but it requires a good model
of the environment. Model-free method learns the optimal
policy directly from experience, without using a model of the
environment. This is less efficient than model-based learning,
but it does not require a model of the environment. The
model-free techniques are DQN [38] and DDQN [39] which
are utilized to learn optimal policies in discrete action space.
As well, DDPG [40] and twin-delayed deep deterministic
policy gradient (TD3) [41] have continuous action space. The
model-based policy optimization (MBPO) [42] is used for both
discrete and continuous action spaces. In DRL algorithms, the
Markov decision process (MDP) is used to update the Q-table
which is given by

0Gs, ) = (1 —a)0(s, a) + ot(r +ymaxQ(s. a)) Q1)

where o € (0, 1] denotes the learning rate of the algorithm
which reflects the weight of the current experience, r repre-
sents the reward function, and y denotes the discount factor.

As will be shown in the next section, TD3 and MBPO
outperform DQN, DDQN, and DDPG. Therefore, we will
only explain the TD3 and MBPO algorithms for solving the
optimization problem in the Appendix.

V. PERFORMANCE EVALUATION

This section evaluates the performance of the proposed
EE maximization methods under two different scenarios:
1) multi-UAV-mounted BS and 2) multi-UAV-mounted RIS.
The analysis focuses on two key performance metrics: 1) SE
and 2) EE, across the proposed network architectures.

First, we compare the performance of several DRL algo-
rithms, including DQN, DDQN, DDPG, TD3, and MBPO,
to highlight their effectiveness in solving the formulated
optimization problems. Additionally, we explore various
multiple access techniques, such as NOMA, OMA, and
SDMA, under both perfect and imperfect conditions, consid-
ering the impact of hardware impairments and SIC errors.

The influence of the number of transmit antennas on
network performance is also investigated, providing insights
into the scalability and adaptability of the proposed solutions
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Fig. 4. Performance of the proposed multi-UAV-mounted BS network with
perfect SIC effect. (a) SE. (b) EE.

for practical deployments. Table II summarizes the simulation
parameters for clarity and reproducibility. This comprehensive
evaluation aims to demonstrate the robustness and applicability
of the proposed approaches in addressing the challenges of
modern communication systems.

A. Multi-UAV-Mounted BS

1) Comparison of DRL Algorithms: In this scenario, we
analyze the performance of the proposed DRL algorithms—
DQN, DDQN, DDPG, TD3, and MBPO—under both perfect
and imperfect SIC conditions. The mean SE for each algorithm
under perfect SIC is as follows: 22.6, 26.4, 28, 38, and
40 bits/s/Hz, respectively. Under imperfect SIC, these values
decrease to 3.8, 5.2, 6, 8, and 8.8 bits/s/Hz, respectively,
reflecting the impact of hardware impairments and SIC errors
on system performance. Figs. 4 and 5 provide a visual com-
parison of SE and EE across different DRL algorithms under
both perfect and imperfect SIC conditions.

The results consistently show that the MBPO algorithm
outperforms other methods, achieving the highest SE and EE
in both perfect and imperfect SIC scenarios. This superior
performance is attributed to MBPO’s ability to leverage a
model-based DRL approach, which enables better prediction
and optimization of outcomes in dynamic environments. This
advantage is particularly evident in complex communication
systems, where MBPO’s model-based framework allows for
more accurate and efficient solutions.

2) Comparison of Multiple Access Methods: We compare
the performance of NOMA with SDMA and OMA under
perfect and imperfect conditions. Under perfect conditions,
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Fig. 5. Performance of the proposed multi-UAV-mounted BS network with
imperfect SIC effect. (a) SE. (b) EE.

NOMA achieves the highest mean SE at 28 bits/s/Hz, out-
performing SDMA (22 bits/s/Hz) and OMA (13.2 bits/s/Hz).
When imperfections are introduced, NOMA still performs
better with 6 bits/s/Hz, compared to SDMA’s 4.6 bits/s/Hz and
OMA’s 3.6 bits/s/Hz. The results are shown in Figs. 6 and 7,
which highlight the cumulative distribution functions (CDFs)
of SE and EE for NOMA, SDMA, and OMA, utilizing the
DDPG algorithm for optimization.

These findings emphasize the resilience of NOMA in
managing interference and maintaining higher SE and EE,
even under imperfect conditions. This makes NOMA an ideal
candidate for future communication networks where efficient
interference management is critical.

3) Impact of Number of Transmit Antennas: The SE
performance of the multi-UAV-mounted BS system, as shown
in Fig. 8, improves significantly as the number of UAV
transmit antennas increases. The added antennas provide
more spatial degrees of freedom, improving beamforming and
interference mitigation. This trend underscores the importance
of optimizing antenna configurations for achieving higher SE,
even under imperfect SIC conditions. The results highlight
that increasing the number of UAV transmit antennas is
a promising approach for improving SE in UAV-assisted
communication systems.

B. Multi-UAV-Mounted RIS

1) Comparison of DRL Algorithms: In this section, we ana-
lyze the performance of various DRL algorithms, particularly
focusing on the proposed multi-UAV-mounted RIS system
under both perfect and imperfect SIC conditions. The results
show that MBPO consistently outperforms other DRL methods

Authorized licensed use limited to: Sejong Univ. Downloaded on July 10,2025 at 05:32:42 UTC from IEEE Xplore. Restrictions apply.



SOBHI-GIVI et al.: EFFICIENT OPTIMIZATION IN RIS-ASSISTED UAV SYSTEM

1 - —
K p
H ’
H ’
H ’
0.8 ,
H ’
F ¢
L H 1
- 0.6 '
a ; ’
o H l
0.4 !
H '
1
i
021 HE ——NOMA
i - - -SDMA
1> —— OMA
0 : . . . . .
0 10 20 30 40 50 60 70
SE (bits/sec/Hz)
. (a)
’ .."‘ T
5
i
[
0.8 F '
! H
1
!
0.6 1 ]
= ]
) 1
o
04 !
1
I
!og
0.2 ' / NOMA
e - - -SDMA
2 OMA

40 80

EE (bits/sec/Hz/J)

(b)

Performance comparison of the proposed perfect-SIC NOMA

Fig. 6.
and zero-

multi-UAV-mounted BS network, perfect-detection SDMA,
interference-OMA with DDPG. (a) SE. (b) EE.

0.8
H I’

0.6 - 1

CDF

0.4 F ’

0.2

0.8 -

0.6 -

CDF

0.4 r

0.2

EE (bits/sec/Hz/J)

Fig. 7.  Performance comparison of the proposed imperfect-SIC NOMA
multi-UAV-mounted BS network, imperfect-detection SDMA, and nonzero-
interference-OMA with DDPG. (a) SE. (b) EE.

in terms of SE and EE. Under perfect SIC conditions, the
mean SE values for DQN, DDQN, DDPG, TD3, and MBPO
are 24.6, 27.3, 30.2, 36.9, and 39.1 bits/s/Hz, respectively.
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Fig. 8.  Performance of the proposed imperfect-SIC NOMA multi-UAV-
mounted BS network for different number of transmit antennas.

However, when SIC imperfections are introduced, the cor-
responding SE values drop, but MBPO maintains a notable
advantage with an SE of 9.4 bits/s/Hz, compared to the others:
DQN (4.4), DDQN (5.2), DDPG (7), and TD3 (8.6) bits/s/Hz.
These results highlight MBPO’s ability to leverage its model-
based framework to tackle nonconvex optimization challenges,
which is critical for adapting to dynamic communication
environments.

Figs. 9 and 10 clearly illustrate the SE and EE performance
of the algorithms. As seen, MBPO excels not only in achieving
the highest SE but also maintains robust performance across
varying SIC accuracies. This is attributed to its model-based
approach, which enables more efficient decision-making by
incorporating learned environmental models. The consistent
superiority of MBPO across scenarios reinforces its potential
as a promising solution for enhancing multi-UAV-mounted RIS
systems in real-world conditions, where imperfections like SIC
errors and environmental dynamics are inevitable.

2) Comparison of Multiple Access Methods: This sec-
tion compares the performance of NOMA, SDMA, and OMA
in the context of the multi-UAV-mounted RIS system uti-
lizing DDPG algorithm. NOMA consistently shows superior
performance in terms of SE and EE, owing to its ability
to share resource blocks and leverage SIC for interference
management. Under perfect conditions, the mean SE values for
NOMA, SDMA, and OMA are 30.2, 23.3, and 14.1 bits/s/Hz,
respectively. However, when imperfections are introduced,
such as interference and detection errors, NOMA still outper-
forms SDMA and OMA with an SE of 7 bits/s/Hz, compared
to 5.6 and 4.1 bits/s/Hz, respectively.

Figs. 11 and 12 further emphasize NOMA’s effectiveness in
sharing resources and managing interference. Despite imper-
fections, NOMA achieves higher SE and EE than SDMA
and OMA, validating its robustness in dynamic network
conditions. These results suggest that NOMA is a promising
candidate for next-generation wireless networks, particularly
when integrated with RIS technology and UAVs to enhance
performance under real-world constraints.

Authorized licensed use limited to: Sejong Univ. Downloaded on July 10,2025 at 05:32:42 UTC from IEEE Xplore. Restrictions apply.



26052

[3)] [} ~ =
o =] o o

3 8
r }-——[:[:}-——I«

SE (bits/sec/Hz)
Y
o

b {TF-
T} - =

B s | W

wroo- T F----1+

L

10+ *

+
ot . i
DGN DDQGN DDPG TD3 MBPO
(a)

80 T - :

* +

70 * T

¥ 1
-

60 j !
=) + + I !
Ns50r & E3 ' !
= 1 T 1
o ! 1 ! !

S 40 1
2 ! ! !
8301
w
W
1
10+ 1 1 1 1 1
1 1 1 1 1
ol 4 4 + L L
DQN DDQN DDPG TD3 MBPO

Fig. 9. Performance of the proposed multi-UAV-mounted RIS network with
perfect SIC effect. (a) SE. (b) EE.

10} -
. =]
) =
E 8 +
2 -
% 7 =]
s . +
& 6l +
; =
+ 4
al
DQN DDQN DDPG TD3 MBPO
(@)
‘ *
5 i !
1
24r i + E !
F = N
o
gg ! I *’
2
e B¢
wol =5 |
* .
1f +
-
DQN DDQN DDPG TD3 MBPO
(b)

Fig. 10. Performance of the proposed multi-UAV-mounted RIS network with
imperfect SIC effect. (a) SE. (b) EE.

3) Impact of Number of Transmit Antennas: Fig. 13
presents the SE performance of the system for varying num-
bers of BS transmit antennas under imperfect SIC conditions.
The results indicate that as the number of transmit antennas
increases, the beamforming accuracy improves, leading to
higher SE. This trend highlights the importance of scalable
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antenna configurations for optimizing communication effi-
ciency in multi-UAV-mounted RIS systems. Additionally, the
MBPO algorithm remains the top performer, capitalizing on
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its model-based learning approach to effectively optimize the
RIS network.

These findings demonstrate the scalability of the proposed
system and underscore the critical role of advanced antenna
configurations in enhancing the performance of next-
generation wireless networks, particularly in dynamic and
interference-prone environments.

C. Performance Comparison

Tables III and IV summarize the mean SE values for
different scenarios, facilitating a clear comparison of the DRL
algorithms and multiple access methods. Table III compares
the performance of DQN, DDQN, DDPG, TD3, and MBPO
across multi-UAV-mounted BS and RIS systems. The results
show that MBPO outperforms the other methods under both
perfect and imperfect SIC conditions, making it the preferred
choice for maximizing SE in complex environments.

Table IV compares the SE performance of NOMA, SDMA,
and OMA under both perfect and imperfect conditions.
NOMA consistently achieves the highest SE, demonstrating
its advantage over the other access methods, even when
imperfections are introduced. This reinforces the value of
NOMA in achieving efficient and robust communication in
next-generation wireless systems.

Additionally, Fig. 14 compares the proposed MBPO algo-
rithm with an iterative algorithm from [43] for maximizing
EE in multi-UAV-mounted BS and RIS networks under perfect
SIC conditions. The results show that MBPO significantly
outperforms the iterative method, demonstrating the power
of model-based DRL in optimizing complex systems and
ensuring stable, reliable performance in real-world scenarios.

D. Computational Complexity Analysis

The computational complexity and convergence properties
of the proposed DRL algorithms are crucial in dynamic envi-
ronments. The complexity depends on factors, such as the state
and action space size, training samples, and neural network
architecture. Simpler algorithms like DQN and DDQN require
lower computational resources and may converge faster in
basic environments but struggle with stability in complex
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TABLE III
SIMULATION PARAMETERS [28], [34]

Parameter Value (Unit)
Carrier frequency 28 GHz
Max transmission power 10 dBm
Number of UAV transmit antennas 16
Number of BS transmit antennas 16
Number of RIS reflecting elements 16
Noise power -174 dBm/Hz

Minimum SE 3 bits/sec/Hz

Imperfect SIC Coefficient 0.2
Pathloss at reference distance -30 dB
Pathloss exponents of U-G and R-G links 2.2
Rician factors of links 10 dB
UAV power consumption 10 dBm
RIS phase shifter power consumption 0.01 dBm
UAV flying height 60-100 m

TABLE IV
MEAN SE COMPARISON OF MA METHODS (BITS/S/HZ)

Proposed Multi-UAV mounted BS Multi-UAV mounted RIS
Scenarios
SIC Effect Perfect Imperfect Perfect Imperfect
NOMA 28 6 30.2 7
SDMA 22 4.6 233 5.6
OMA 13.2 3.6 14.1 4.1
TABLE V
COMPLEXITY ANALYSIS
Algorithms | poN | DDQN| DDPG | TD3 | MBPO

Proposed

Multi-UAV-mounted BS 841 1842 2758 3166 5704

Multi-UAV-mounted RIS 937 2075 2649 3129 5643

scenarios. In contrast, DDPG and TD3, designed for con-
tinuous action spaces, offer improved stability at the cost
of higher computational demands, potentially slowing con-
vergence. MBPO, with its model-based approach, introduces
additional complexity by learning an environmental model,
which can either enhance stability through better long-term
planning or introduce instability if the model is inaccurate.

Table V presents empirical results on the number of
episodes required for convergence. The results indicate that
MBPO requires the highest number of episodes, followed by
TD3, then DDPG, with DDQN converging faster than these,
and DQN requiring the least number of episodes.

VI. CONCLUSION

In this article, we examined mmWave-NOMA transmission in
two distinct scenarios: 1) multi-UAV-mounted BS and 2) multi-
UAV-mounted RIS. Given the practical limitations, such as
imperfect SIC decoding in NOMA systems, we formulated
optimization problems to maximize the EE of the network.
The optimization involved key variables, including the UAV
and BS beamforming matrices, RIS phase shift matrix, UAV
and BS power allocation, and UAV 3-D placement. To solve
these nonconvex problems, we employed both model-based
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and model-free DRL algorithms. We considered both perfect
and imperfect effects for multiple access techniques, including
perfect and imperfect SIC for NOMA, zero and nonzero
interference for OMA, and perfect and imperfect detection for
SDMA. Our results demonstrated that the proposed methods
achieved significant improvements in both SE and EE, with the
model-based DRL method consistently outperforming model-
free approaches. Moreover, the proposed NOMA transmission
outperformed SDMA and OMA in terms of both SE and EE,
making it an ideal candidate for future 6G communication
networks. The practical implications of our work include
improving network coverage and efficiency in UAV-assisted
communication systems, with potential applications in smart
cities, disaster recovery, and remote area connectivity.

VII. FUTURE WORK

This study lays the groundwork for exploring the integration
of NOMA with UAV-mounted BS and RIS for energy-
efficient and high-performance 6G networks. However, several
research directions can be pursued to enhance and expand
upon the findings of this work. One promising avenue is the
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development of hybrid DRL frameworks that combine the
strengths of model-based and model-free approaches. Such
frameworks could significantly improve optimization accuracy
and adaptability while efficiently handling the computational
complexity inherent in dynamic and complex wireless envi-
ronments. Another critical area for future research is the
incorporation of security constraints into the optimization
process. UAV-based communication networks are inherently
vulnerable to security threats, such as jamming and eaves-
dropping. Addressing these vulnerabilities would ensure more
robust and secure data transmission in RIS-assisted multi-user
air-to-ground communications. Additionally, the current study
assumes static user locations, which may not fully capture
the dynamic nature of real-world scenarios. Expanding the
model to include user mobility patterns would provide more
practical insights, especially in scenarios involving high-speed
users or rapidly changing environments. Similarly, exploring
multicell interference scenarios, where multiple UAV-mounted
BSs and RIS operate in dense urban environments, would
better align the framework with the complexities of real-world
deployments.

Future research could also broaden the scope by evaluating
additional performance metrics. While this study focuses on
EE and SE, incorporating metrics, such as coverage, outage
probability, and fairness, would offer a more comprehensive
understanding of network performance. Finally, while this
work serves as a proof of concept validated through simula-
tions, the next logical step is to transition toward operational
models and hardware implementations. Developing prototypes
and conducting real-world testing will bridge the gap between
theoretical optimization and practical deployment, ensuring
that the proposed methods are ready for scalable and robust
applications in 6G networks.

By addressing these directions, future studies can overcome
the current limitations, refine the proposed framework, and
advance the field of UAV and RIS-assisted communication
systems.

APPENDIX
DESCRIPTION OF DRL ALGORITHMS

A. TD3 Algorithm

TD3 is a model-free DRL algorithm that improves upon
the DDPG algorithm by addressing some of its drawbacks,
notably overestimation bias. DDPG is an off-policy actor—
critic algorithm that uses two neural networks: 1) an actor
network to select actions and 2) a critic network to evaluate
the value of those actions [41]. However, DDPG can over
estimate the value of actions, leading to poor performance.
TD3 addresses the over estimation bias problem in DDPG
by using two critic networks instead of one. TD3 learns two
QO-function, Qg, and Qg,, in almost the same way that DDPG
learns its single Q-function. However, unlike DDPG, TD3 uses
the minimum of the two Q-functions to form the Q-learning
target. This helps to reduce the over estimation bias and
improve the performance of the algorithm. Moreover, TD3
adds clipped noise to the actions generated by the target policy,
M6y » Defore using them to form the Q-learning target. This
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Algorithm 1 Pseudocode of TD3

Algorithm 2 Pseudocode of MBPO

Initialize policy parameters 0, Q-function parameters ¢
and ¢, empty replay buffer D
Set target parameters equal to main parameters Otarg < 0,
¢targ,1 < ¢1, and ¢targ,2 <~ ¢
repeat
Observe state s and select action a =
€, ALow, AHigh), Where € ~ N
Execute a in the environment
Observe next state s, reward r, and done signal d to
indicate whether s’ is terminal
Store (s, a, r, ', d) in replay buffer D
If s’ is terminal, reset environment state.
if it is time to update then
for j in range do
Randomly sample a batch of transitions,
B={(s,a,r,s,d)} from D
Compute target actions
as) = Clip(u,gmg (s) + clip(e, —c, ¢), aLow, aHigh)
Compute targets
y(r,s,d)=r+y(—d ,rnlian%g,,-(s/, a'(s)
Update Q-functions by oné sfep of gradient descent
using
V¢7i|;7| Z(s,a,r,s’,d)eB (Q¢i (s,a) — y(r, s, d))
if j mod policy_delay = O then
Update policy by one step of gradient ascent using
V¢i\%| >se Qo1 (5, 1o (9))
Update target networks with
Grarg,i < PPrarg,i + (1 = p)gi
eta.rg <~ petarg + (1 - 0)9
end if
end for
end if
until convergence

clip(ug(s) +

2

helps to explore the action space (valid action space is apow <
a < anigh) more effectively and improve the robustness of the
algorithm [41]. Thus, the target actions are obtained as

a'(s') = clip(io, (8') + clip(e, —¢, ©), aLow, anign) (22)

where clip(.) set the values in the valid range. s’ denotes the
next state and € ~ N(0, o). Target policy smoothing acts as
a regularizer for the algorithm, preventing it from exploiting
incorrect sharp peaks in the Q-function approximator. This
situation can arise in DDPG when the Q-function approxima-
tor develops an inaccurately sharp peak for certain actions.
The policy may rapidly exploit that peak, leading to fragile
or incorrect behavior. Target policy smoothing mitigates this
issue by smoothing out the Q-function over similar actions.
Both Q-functions share a single target, determined by using
the smaller of the two Q-function values as

¥(r.8d) =r+y(1—d) min Qg (s, a'(s).  (23)
=1,
Then, both are learned by regressing to this target

L1, D) = [(Qo 5.0 —x(r.8" . d)*] @4

E
(s,a,r,s',d)~D

Initialize policy mg, predictive model pg, environment
dataset D,,,, model dataset D41
for N epochs do
Train model py on D,,, via maximum likelihood
for E steps do
Take action according to 7g; add to Dy,
for Mmodel rollouts do
Sample s uniformly from Dy,
Perform k-step model rollout starting from s using
policy mg; add t0 Dyoger
for G gradient updates do
Update policy parameters on model data:
¢ < ¢ — Ax Ay I (@, Dmodel)
end for
end for
end for
end for

L(¢2.D) = [(@nrs.0) = ¥(r5.a))°] @9)

where E[.] denotes the expectation value. Using the smaller
Q-value for the target helps to prevent overestimation in the
QO-function. Finally, the policy is learned by maximizing Qg,
as

E
(s,a,r,s',d)~D

max E [0y (s, uo(s))]- (26)

The pseudocode for the TD3 is shown in Algorithm 2.

B. MBPO Algorithm

MBPO is a model-based, online, off-policy DRL algorithm
that improves the performance and the efficiency of learning.
The algorithm works by first interacting with the environment
to collect experience data and train a model of the environ-
ment. Then, the agent updates the policy parameters using
the real experience data and experience generated from the
environment model. MBPO agents use the training algorithm
shown in Algorithm 1, which periodically updates the envi-
ronment model and the base off-policy agent [42].

MBPO uses an ensemble of Gaussian neural networks as
its predictive model. Each member of the ensemble is defined
as follows:

po('ls, a) = N(ug (s, a), So(s, a)) 27

where N(ug(s, a), Xg(s,a)) shows Gaussian distribution
with mean ug(s,a) and variance Xy(s, a). The maximum-
likelihood loss used in the model training is expressed as

L(©®) = E[log(ps(s'ls, a))]. (28)

In policy optimization, the policy evaluation and policy
improvement steps are, respectively, obtained as follows:

Q" (s,a) = E, [Z y'rGs, a)} (29)
t=0
minJ, (¢, D) = SLED[DKL(n” exp(Q” - V”))]. (30)

This update guarantees that Qv (s, a) > Q™0ld (s, a) [44].
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