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Abstract—In this work, we introduce a novel hybrid joint
optimization framework specifically designed for enhancing the
performance of consumer electronics in vehicular networks using
a transmissive reconfigurable intelligent surface (T-RIS)-mounted
uncrewed aerial vehicle (UAV) system. The UAV employs the
non-orthogonal multiple access (NOMA) protocol to broadcast
data to multiple ground devices, ensuring efficient communica-
tion. Our primary objective is to maximize the overall system
sum rate while adhering to key constraints such as the rate
requirements of ground devices, UAV battery capacity, and UAV
coordinate boundaries. The optimization challenge of maximizing
the system’s sum rate is inherently non-convex and complex.
To address this, we decompose the problem into manageable
subproblems. The beamforming optimization problem is tack-
led using successive convex approximation and semi-definite
programming techniques, allowing for effective handling of non-
convexity. For power allocation, we employ the Lagrangian
dual method along with the sub-gradient technique, ensuring
optimal power distribution among devices. To optimize the UAV’s
location, we propose a dueling-based double deep reinforcement
learning (D3RL) framework. This approach effectively combines
all computed solutions, resulting in a comprehensive joint
optimization strategy. Simulation results highlight the exceptional
performance of the proposed framework. Specifically, optimizing
the UAV’s location leads to a substantial performance gain of up
to 65.9% compared to a system where only beamforming and
power allocation are optimized with the UAV positioned at the
center of the service area. These findings underscore the potential
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of our framework in advancing consumer electronics connectivity
in vehicular networks.

Index Terms—Machine learning, non-orthogonal multiple
access (NOMA), resource allocation, transmissive reconfigurable
intelligent surface (T-RIS), uncrewed aerial vehicle (UAV).

I. INTRODUCTION

RECENT advancements in communication systems have
enabled vehicular networks to achieve higher efficiency,

increased capacity, enhanced adaptability, and robust connectiv-
ity for vehicles. However, the future demands of communication
networks require extended coverage, especially in remote or
disaster-stricken regions [1]. To connect users globally, the use
of spatial and aerial nodes has been proposed [2], [3]. This
involves providing services to distant devices using spatial nodes
like satellites or aerial nodes like unmanned aerial vehicles
(UAVs) [4], [5]. UAVs serve as valuable assets, functioning
either as base stations to connect ground devices with a
backhaul node [6] or as aerial relays between satellites and
ground devices [7]. Satellite-based connectivity is ideal for
areas far from ground infrastructure, offering vast coverage to
connect devices to distant base stations [8]. However, satellite
communication faces significant path losses, resulting in less
efficient systems. In less dense areas with devices in remote
locations, such as rural settings or where sensors collect
data, UAVs are preferred due to better channel conditions
and lower power requirements, providing robust connectivity
and improved energy efficiency. Additionally, in urban areas,
large gatherings in specific locations can overburden the local
communication infrastructure. In such cases, a temporary
UAV-based network can be deployed to facilitate users and
reduce the load on the terrestrial network. Moreover, the
number and positioning of UAV nodes can be adjusted to
meet the communication needs of consumer devices, offering
a dynamic and responsive solution compared to the fixed
nature of satellites, which are either in continuous motion
(low or medium-earth orbit) or stationary (geostationary) with
respect to the Earth [9]. This flexibility in UAV deployment
caters to diverse communication requirements across various
geographical and operational contexts.

To harness the advantages of location optimization in UAV
networks, an algorithm for optimizing the position of a single-
antenna UAV was proposed by [10]. The single antenna
assumption at each node ensures that the angle-of-departure at
the UAV has no impact on the channel. Another study by [11]
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introduced a location optimization scheme for a UAV network
transmitting data to a single ground device, showcasing signif-
icant performance gains through UAV location optimization.
Scaling up to a multi-user and multi-UAV scenario, [12]
proposed a power allocation and location optimization scheme
for UAV-assisted communication. Addressing the UAV loca-
tion and user association problem in systems with multiple
UAVs serving ground devices in an allocated region, [13]
presented a comprehensive approach considering both uplink
and downlink transmissions. Notably, all these works consider
frequency division multiple access-based (FDMA) transmis-
sion, allocating a dedicated channel to each user to prevent
interference.

Looking forward, future communication systems demand
innovative solutions to meet the escalating requirements for
higher spectral efficiency. Non-orthogonal multiple access
(NOMA) introduces a groundbreaking approach, enabling
simultaneous data transmission to multiple devices on the
same frequency and time resources [14]. This advance-
ment significantly enhances spectral efficiency, fostering more
robust connectivity in dense networks [15]. Exploring NOMA
transmission with UAVs, [16] proposed a power allocation
optimization framework at the UAV, enhancing system effi-
ciency. However, this study did not address UAV location
optimization. Subsequently, [17] optimized both location and
power allocation for a NOMA-UAV serving multiple ground
stations, utilizing a convex solver for power allocation. In a
similar vein, the work in [18] optimized both location and
provided a closed-form expression for power allocation in
NOMA-UAV scenarios. However, a notable drawback sur-
faced: the complexity of the proposed closed-form expression
increases with the number of users in the system, inherent to
NOMA systems. Moreover, in NOMA systems, allocating the
same channel to a large number of users results in significant
degradation of channel capacity, primarily due to the elevated
interference levels within the system.

To amplify channel capacity, the reconfigurable intelligent
surface (RIS) emerges as a promising candidate for future
communication networks [19], [20]. By manipulating both
signal amplitude and phase, RIS improves overall system
performance [21]. With the capability to reflect or transmit
the incident signals [22], [23], RIS effectively mitigates issues
related to noise amplification and additional noise intro-
duced by conventional relaying systems. Numerous studies
explored the applications of reflective-RIS (R-RIS) in UAV
networks. For instance, Khan et al. have considered R-RIS in
NOMA device-to-device communication underlaying cellular
networks [24]. In [20], the authors have used R-RIS to
improve the physical layer security of wireless systems under
eavesdropping and jamming attacks. The authors in [25]
optimized the trajectory of an R-RIS mounted UAV, enhancing
system efficiency. In a similar context, [26] proposed a
Deep Reinforcement Learning (DRL) framework for optimiz-
ing passive beamforming at the R-RIS and UAV trajectory.
Nevertheless, the proposed online training framework demon-
strated slow convergence, requiring thousands of iterations,
unsuitable for highly dynamic systems. The work in [27]
proposed a DRL scheme for beamforming and location

optimization of R-RIS-mounted UAVs, yet due to its online
training model, this scheme demands numerous iterations and
is sensitive to changes in network dynamics.

Moreover, the RIS can also function as a transmitter without
necessitating intricate signal processing, setting it apart from
conventional multi-antenna systems that rely on complex RF
modules, thereby incurring high hardware costs [28], [29]. The
transmissive-RIS (T-RIS) presents distinct advantages over the
R-RIS for the following reasons: (a) R-RIS experiences self-
interference as the feed antenna and receiver coexist on the
same side, leading to interference between the incident and
reflected signals, whereas in the case of T-RIS the feed antenna
and the receivers are on the opposite side of the T-RIS; (b) In
contrast to R-RIS, T-RIS can be designed with enhanced oper-
ational bandwidth and aperture efficiency [30]. Consequently,
the integration of T-RIS-based UAV communication holds the
potential to significantly enhance capacity, energy efficiency,
quality of service, and spectrum utilization in emerging wire-
less communication systems. In [31], authors showed that
incorporating T-RIS significantly enhances the coverage area
of communication networks. Subsequent works, [32] and [33],
optimize beamforming and power allocation to maximize the
sum rate in downlink multi-user T-RIS systems, considering
both downlink and uplink scenarios. However, these works
do not explore the advantages of incorporating T-RIS into
UAV systems, leaving the potential benefits of T-RIS-mounted
UAVs in communication networks unexplored.

When a UAV is equipped with a single antenna and
operates in FDMA style transmission, optimizing its location
is straightforward, as observed in [6], [7], [8], [9], [10],
[11], [12], [13], [14], [15], [16], [17], [18]. However, in
the case of an RIS-mounted UAV, the angle of departure
introduces complexity to location optimization. Additionally,
integrating NOMA into a T-RIS-mounted UAV can enhance
communication network performance but increases system
complexity due to the interference introduced by multiple
users sharing the same channel. Moreover, all the previous
works assumed a uniform distribution of users, which
is an idealistic and impractical assumption. To address
a more realistic scenario, [34] optimized cell partition-
ing for UAV-aided communication networks with hotspot
areas for ground devices. Similarly, [35] optimized both
cell partitioning and bandwidth allocation for UAV commu-
nication systems considering the presence of ground user
hotspots.

Moreover, it is worth noting that existing machine learning-
based solutions for location optimization in RIS-mounted
UAVs are susceptible to changing network conditions and
require frequent retraining. For example, the solution in [26]
doesn’t account for the current locations of ground devices
when determining the optimal UAV location, necessitating
retraining whenever ground device locations change. Similarly,
the DRL model in [27] uses the current coordinates of ground
devices as distinct inputs to the DRL agent, demanding
retraining when the number of users changes due to the change
in the size of DRL state parameters.

A communication network featuring a T-RIS-mounted UAV
employing NOMA for transmission holds the promise of
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superior communication performance. However, the intri-
cate challenge of optimizing resource allocation in this
network remains unexplored in the existing literature. This
paper introduces a hybrid framework designed for the joint
optimization of beamforming, power allocation, and location
for a NOMA-enabled T-RIS-mounted UAV. The proposed
innovative approach eliminates the need for retraining the
advanced DRL model when the number or location of ground
devices changes, providing an efficient solution for T-RIS
beamforming and NOMA power allocation. The problem of
optimizing resource allocation in this system has not been
explored in the literature before. The main contributions of the
work are summarized as follows:

• We consider a system where a NOMA-enabled, T-RIS-
mounted UAV serves ground devices by updating its
location based on their positions and requirements.

• We optimize the UAV’s location, T-RIS beamforming,
and NOMA power allocation to maximize the system’s
sum rate, subject to constraints on the UAV’s power
budget, service area boundaries, ground device rate
requirements, and beamforming.

• We used successive convex approximation and semi-
definite programming for T-RIS beamforming and a
Lagrangian dual with a sub-gradient method for optimal
NOMA power allocation. For UAV location optimization,
we introduced a dueling-based double deep reinforcement
learning (D3RL) framework, which adapts to changes
in device location or number without retraining. This
hybrid approach combines the D3RL framework with
beamforming and power allocation schemes for a joint
solution.

• Simulations focused on hotspot areas of ground devices
within the UAV-allocated region, reflecting practical
device distributions [34], [35]. Results show the proposed
scheme performs excellently, with the hybrid framework
also achieving strong results for uniformly distributed
ground devices.

The paper is structured as follows: Section II introduces
the considered system model. The problem formulation is
presented in Section III. Section IV explains the proposed
solution framework. Simulation results and discussions are
provided in Section V. Finally, Section VI concludes the work.

II. SYSTEM MODEL

We consider a system where T-RIS-mounted UAVs are
deployed to extend coverage to ground devices in remote
or disaster-stricken regions. Each UAV is equipped with the
same technology, tasked with servicing devices within its
designated area. Employing the NOMA framework, UAVs
broadcast data to ground devices. To mitigate interference
from adjacent cells, we assume that UAVs in neighboring cells
use different transmission frequencies. Consequently, we focus
on optimizing resource allocation and location for a single
UAV serving a cell, with the understanding that the same
solution can be applied to all other cells in the system, thereby
optimizing overall system performance.

In our considered system, each UAV is equipped with a
T-RIS containing Kx elements in each column and Ky elements

Fig. 1. T-RIS-assisted UAV-NOMA network.

in each row, resulting in a total of K = Kx × Ky elements.
Serving N users in the system, as illustrated in Fig. 1, and
acknowledging the strong line-of-sight component in air-to-
ground communication, we model the channels between the
UAV and ground devices as Rician distributed. The channel
gain from the UAV to the nth user is given by:

hn = √
γn

(√
Kn

Kn + 1
hLoS

n +
√

1

Kn + 1
hNLoS

n

)
, (1)

where Kn is the Rician factor from the UAV to the nth
user, γn = γ0

d�n
, with γ0 being the channel power at

a reference distance of 1 meter. Here, dn represents the
distance of the nth user from the UAV, and � is the
path loss exponent. The distance dn is computed as dn =√
(qz

n − uz)2 + (qx
n − ux)2 + (qy

n − uy)2, where the location of
the UAV is given by {ux, uy, uz}, in the x, y and z coordinates,
and the location of the nth device is given by {qx

n, qy
n, qz

n}.
Subsequently, hLoS

n represents the line-of-sight component of
the channel and is given by:

hLoS
n =

[
1, e−jβ sin θn cosφn , . . . , e−jβ sin θn cosφn(Kx−1)

]T

⊗
[
1, e−jβ sin θn sinφn , . . . , e−jβ sin θn sinφn(Ky−1)

]T
, (2)

for β = 2π fc�

c
, where � is the distance between two adjacent

T-RIS elements, fc is the carrier frequency, c is the speed of
light and ⊗ denotes the Kronecker product. The values of
sin θn, sinφn, and cosφn (where θn and φn denote the vertical
and horizontal angle of departure to the nth ground device)
are computed as [25]:

sin θn =
(

qz
n − uz

dn

)
, (3)

sinφn =
⎛
⎝ qx

n − ux√
(qx

n − ux)2 + (qy
n − uy)2

⎞
⎠, (4)

cosφn =
⎛
⎝ qy

n − uy√
(qx

n − ux)2 + (qy
n − uy)2

⎞
⎠. (5)
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Then, the non-line-of-sight component is considered to
be independently and identically distributed as: hNLoS

n ∼
CN (0, 1).

The beamforming vector at the T-RIS is denoted as f =
[α1ejψ1 , α2ejψ2 , . . . , αKejψK ]T , where αk ∈ [0, 1] and ejψk

denotes the amplitude and phase of the signal transmitted by
the kth RIS element. Without loss of generality, assuming the
ground devices are sorted in descending order of channel gains
at the UAV, the signal received by the nth device after applying
successive interference cancellation is given by1:

yn = h†
nf

√
pnsn + h†

nf
n−1∑
i=1

√
pisi + χn, (6)

where † is the Hermitian operator, pn is the power allocated to
the signal of the nth device, sn is the symbol of the nth device
and χn denotes additive white Gaussian noise with 0 mean
and variance σ 2.

III. PROBLEM FORMULATION

Considering that the UAV flies at a predetermined height,
we aim to optimize the location, RIS beamforming, and the
power allocation at the UAV to maximize the sum rate of the
system. The objective of maximizing the sum rate is given as:

max
f ,pn,ux,uy

N∑
n=1

B log2

(
1 + pn|h†

nf |2
|h†

nf |2∑n−1
i=1 pi + σ 2

)
, (7)

where B is the bandwidth of the channel, f is the beamforming
vector, and pn is the transmission power allocated to the signal
of the nth device, as defined before. The location parameters
ux and uy affect the channel gains from the UAV to the
ground devices, as explained in the previous section. The
power budget constraint at the UAV is given as:

N∑
n=1

pn ≤ Pmax, (8)

where Pmax is the maximum allowed transmission power at
the UAV. To satisfy the rate requirement of each device in the
system, we introduce the following constraint:

B log2

(
1 + pn|h†

nf |2
|h†

i f |2∑n−1
i=1 pi + σ 2

)
≥ Rmin,∀n, (9)

where Rmin is the minimum rate requirement of each user in
the system. As the T-RIS cannot amplify the signal received
from the feeding antenna, the amplitude constraint of each
T-RIS element is given as:

|αk| ≤ 1,∀k. (10)

Then, the phase constraint of each T-RIS element is:

ψk ∈ [0, 2π ],∀k. (11)

Furthermore, there are location constraints on the UAV,
bounding it to stay within the designated service area. These

1Note that sorting at the UAV does not imply any change in the location of
ground devices. This simply means that, from the UAV’s perspective, device-1
is the device with the highest channel gain, device-2 has the second-highest
channel gain, and so on. This sorting has no effect on the actual distribution
of the users.

constraints are given as:

ux ∈ [umin
x , umax

x ], (12)

uy ∈ [umin
y , umax

y ], (13)

where umin
x and umax

x are the minimum and maximum values
of the x-coordinates of the area assigned to the UAV, and
umin

y and umax
y are the minimum and maximum values of the

y-coordinates of the area assigned to the UAV.

IV. PROPOSED SOLUTION

In this section, we divide the given problem into sub-
problems and systematically solve each one. Section IV-A
focuses on determining the optimal beamforming at the
T-RIS, Section IV-B addresses the optimal power allocation
for NOMA, Section IV-C presents the framework for UAV
location optimization, and Section IV-D introduces a uni-
fied optimization framework that integrates all the individual
solutions.

A. Optimizing T-RIS Beamforming

To make the problem tractable, we introduce auxiliary
variables Hn and F, defined as Hn = hnh†

n and F = ff †.
Additionally, we enforce F ≥ 0 and impose the rank(F)=1
constraint. With these auxiliary variables, the updated problem
of optimizing the beamforming at the T-RIS is formulated as:

max
F

N∑
n=1

B log2

(
1 + pnTr(HnF)

Tr(HnF)
∑n−1

i=1 pi + σ 2

)
, (14)

s.t.:

B log2

(
1 + pnTr(HnF)

Tr(HnF)
∑n−1

i=1 pi + σ 2

)
≥ Rmin, (15)

F ≥ 0, (16)

Diag(F) ≤ I, (17)

rank(F) = 1, (18)

where Tr() denotes the trace operator, and I is the identity
matrix of order K × K. The first constraint ensures the
satisfaction of the minimum rate requirement for each user.
The second constraint requires the matrix F to be positive
semi-definite, and the third constraint specifies that no signal
amplification is performed by the T-RIS elements (i.e., the
amplitude at each element must be less than or equal to unity).
The final constraint states that F must be a rank-one matrix,
allowing us to compute the optimal value of f from the optimal
F, such that F = ff †. Further simplification gives us:

max
F

N∑
n=1

(
B log2

(
pnTr(HnF)+ Tr(HnF)

n−1∑
i=1

pi + σ 2

)

−B log2

(
Tr(HnF)

n−1∑
i=1

pi + σ 2

))
, (19)

s.t.:

pnTr(HnF) ≥ (2Rmin/B − 1)

(
Tr(HnF)

n−1∑
i=1

pi + σ 2

)
, (20)

(16), (17), (18).
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Although the transformation in (20) renders the constraint
convex, the rank-1 constraint remains non-convex. Moreover,
the objective function is the difference of concave functions.
Next, we temporarily relax the rank-1 constraint during the
optimization process. If the resulting solution violates the
constraint, we employ a Gaussian randomization process to
ensure compliance [38]. To facilitate the transformation of the
objective function, we introduce auxiliary variables 
n,1 and

n,2 as follows:

pnTr(HnF)+ Tr(HnF)
n−1∑
i=1

pi + σ 2 ≥ 
n,1, (21)

Tr(HnF)
n−1∑
i=1

pi + σ 2 ≤ 
n,2. (22)

Further, introducing the variables ωn,1 and ωn,2 such that:
B log2(
n,1) ≥ ωn,1 and B log2(
n,2) ≤ ωn,2, the problem
becomes:

max
(F,ωn,1,ωn,2,
n,1,
n,2)

N∑
n=1

(ωn,1 − ωn,2), (23)

s.t.: B log2(
n,1) ≥ ωn,1, (24)

B log2(
n,2) ≤ ωn,2, (25)

(16), (17), (20), (21), (22).

The constraint in (25) remains non-convex. To address this,
we apply a first-order Taylor approximation to transform the
constraint into a standard convex form. The application of
Taylor approximation results in the following expression:

B log2(
n,2)+ B(
n,2 −
n,2)


n,2 ln(2)
≤ ωn,2, (26)

where 
n,2 represents the value of 
n,2 from the previous
iteration. Thus, the transformed problem is formulated as:

max
F,ωn,1,ωn,2,
n,1,
n,2

N∑
n=1

(ωn,1 − ωn,2), (27)

s.t.: (16), (17), (20), (21), (22), (24), (26). (28)

The transformed problem conforms to a standard SDP
format. We utilized the Mosek solver in CVXPY to solve
the problem within the Python environment using the interior-
point method.

Discrete Phase-Shift: Although the framework proposed
in the previous section provides an optimal solution for
beamforming at the T-RIS, for large T-RIS with a significant
number of elements, it becomes more practical to implement
only discrete phase shifts at the RIS [36]. Note that this
discretization of the phase shifts introduces sub-optimality
and can cause performance degradation. However, for very
large T-RIS, adjusting continuous phase-shift values for each
element may become impractical.

Hence, after obtaining the optimal beamforming solution
from the framework proposed in the previous section, the
discretization of the phase shifts can be performed by rounding

the continuous phase-shift values to the closest discrete value.
The set of discrete values is given as:

S = {0,�ψ, 2�ψ, . . . , (Z − 1)�ψ},
where Z denotes the number of phase shift levels and
�ψ = 2π

Z .
Computational Complexity: The computational complexity

of solving the problem using the Mosek solver in CVXPY is
O(DNK3.5), where D is the number of iterations required for
convergence [37].

B. Optimizing Power Allocation

The power allocation problem for the considered system
model is written as:

max
pn

N∑
n=1

B log2

(
1 + pn|h†

nf |2
|h†

nf |2∑n−1
i=1 pi + σ 2

)
, (29)

s.t. (8), (9).

For N = 2, the problem is easily solvable and has been
addressed multiple times in the literature using different
approaches. However, as the number of users increases, finding
a closed-form expression for the solution becomes particularly
complex. The challenge arises due to the interdependence of
power allocation values among devices, leading to an expo-
nential increase in the order of the closed-form expression’s
complexity with the number of users in the system. Since
we aim to solve the problem for any N, where N can be
greater than 2, we introduce a variable Qn such that Qn =∑n

i=1 pn. With this introduction, the objective function can be
transformed as:

N∑
n=1

B log2

(
1 + pn|h†

nf |2
|h†

nf |2∑n−1
i=1 pi + σ 2

)

=
N∑

n=1

B log2

(
|h†

nf |2∑n
i=1 pi + σ 2

|h†
nf |2∑n−1

i=1 pi + σ 2

)
. (30)

Substituting Qn = ∑n
i=1 pn gives us:

N∑
n=1

B log2

(
Qn|h†

nf |2 + σ 2

Qn−1|h†
nf |2 + σ 2

)
, (31)

rearranging (31) we get:

N∑
n=1

B log2

(
Qn|h†

nf |2 + σ 2

Qn|h†
n+1f |2 + σ 2

)
. (32)

With this transformation the problem can then be written as:

max
Qn

N∑
n=1

B log2

(
Qn|h†

nf |2 + σ 2

Qn|h†
n+1f |2 + σ 2

)
, (33)

s.t.: Qn|h†
nf |2 + σ 2 ≥ 2Rmin/B(Qn−1|h†

nf |2 + σ 2),∀n (34)

QN ≤ Pmax, (35)

Qn ≤ Qn+1,∀n = 1, 2, 3 . . . ,N − 1, (36)

where the first constraint ensures the satisfaction of the rate
requirement for each device, the second constraint guarantees
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adherence to the power budget for UAV, and the last con-
straint ensures non-negativity of the power allocated to each
user. Since the transformed problem is convex, we employ
dual decomposition to compute the optimal value of Qn.
Substituting gn = |h†

nf |2, the Lagrangian of the problem is
expressed as:

L = −
N∑

n=1

log2

(
Qngn + σ 2

gn+1Qn + σ 2

)
+ η(QN − Pmax)

+
N−1∑
n=1

λn(Qn − Qn+1)

+
N∑

n=1

τn

(
2Rmin/B(gnQn−1 + σ 2)− Qngn − σ 2

)
.

(37)

Applying KKT conditions [39], we compute the closed-form
expression for the optimal Qn as:

Q∗
n =

⎧⎪⎪⎨
⎪⎪⎩

Xn ± √
Yn

Zn
if n = 1, ..N − 1,

gnB + (−λn−1 + η)σ 2 − gnσ
2τn

gn(λn−1 − η + gnτn)
otherwise,

(38)

where Xn = (gn + gn+1)σ
2(λn − λn−1 −

gn τn + 2Rmin/Bgn+1τn+1), Yn = σ
√

gn − gn+1√−λn + λn−1 + gnτn − 2Rmin/Bgn+1τn+1
√
ζn, Zn =

2gngn+1 (−λn + λn−1 + gnτn − 2Rmin/Bgn+1τn+1),
for ζn = g2

nσ
2τn + gn+1σ

2(λn − λn−1 + 2Rmin gn+1τn+1) −
gn((λn − λn−1)σ

2 + gn+1(−4B + σ 2τn + 2Rmin/Bσ 2τn+1)).
The proposed transformation offers an advantage in that the
order of the closed-form expression in (38) does not increase
with N unlike the solutions proposed in the literature for
multiuser NOMA power allocation [40], [41]. We then employ
the sub-gradient method to optimize the values of the dual
variables, where, in each iteration, the values are updated as:

η(t + 1) = η(t)+ δ(QN − Pmax), (39)

λn(t + 1) = λn(t)+ δ(Qn − Qn+1), (40)

τn(t + 1) = τn(t)+ δ(2Rmin/B(gnQn−1 + σ 2)− Qngn − σ 2),

(41)

where t denotes the iteration number, and δ is the step size
or learning rate of the subgradient method. Then, from the
optimal values of Qn, the optimal value of pn is computed as:

p∗
n = Q∗

n − Q∗
n−1. (42)

Computational Complexity: The computational complexity
of solving the problem using the proposed Lagrangian dual
technique is O(3EN), where E is the number of iterations until
the proposed framework converges.

C. Optimizing the Location of UAV

For a predetermined height of the UAV, the problem of
optimizing the location of the UAV subject to rate and
coordinate constraints is formulated as:

max
ux,uy

N∑
n=1

B log2

(
1 + pn|h†

nf |2
|h†

nf |2∑n−1
i=1 pi + σ 2

)
, (43)

s.t.: (9), (12), (13).

The considered problem is strictly non-convex in the coor-
dinates of the UAV, as evident from (1), (4), (5). Consequently,
the schemes used earlier in the paper are not applicable to
solve this problem. In this section, we propose a dueling-
based double DRL scheme (D3RL) to find the coordinates
that maximize the sum rate of the system while satisfying
all system requirements. Leveraging the fact that the UAV,
equipped with a T-RIS, can sense the location of the ground
devices [42], [43], we train an RL agent using the ground
devices’ locations to optimize the UAV’s location.

In the considered system, the sum rate depends not only
on controllable parameters but also on the locations and the
number of the devices and their distributions. For instance,
a system where ground devices are located near each other
offers a higher sum rate due to better channels compared to a
system where devices are located far apart. In such systems,
using a simple DRL for optimization becomes complicated,
as the agent needs to understand that different locations of the
ground devices would impact the sum rate of the system at
the optimal value of optimization variables. In problems like
these, the dueling mechanism significantly boosts the learning
process by separating the value associated with the positions of
the ground devices from the advantage of moving the UAV to
a particular location. The function associated with the current
state (locations of the ground devices) of the system is called
the value function, whereas the function associated with the
advantage of taking a particular action (moving UAV) is called
the advantage function in dueling-based DRL.

In DRL frameworks, three important sets/values are part
of the training process: the state set, the action set, and the
reward. The state set is provided as input to the agent and
contains essential information about the current state of the
system (locations of the ground devices in our case). The
action set encompasses all possible actions that the agent
can take (e.g., moving in a particular direction in our case).
Finally, the reward is the value that serves as feedback to the
agent, aiding in learning what constitutes a good action in a
given state (in our case, this is the difference in sum rates of
the system before and after taking the action, considering all
constraints are satisfied).

In DRL frameworks, the Q-value function is commonly
employed to estimate the cumulative reward of taking an
action, comprising the current reward and potential future
rewards resulting from that action. Deep neural networks
(DNNs) are utilized in DRL to predict the Q-value associated
with taking a particular action, and the action with the
maximum Q-value is selected as the optimal action. This
mapping from the state to the optimal action, performed by the
DRL agent, is referred to as the agent’s policy. In double deep
RL, separate DNNs are employed to estimate the Q-values for
actions and the future rewards of taking an action; these DNNs
are termed the primary DNN and target DNN, respectively.
This separation mitigates the problem of overestimation in
DRLs, contributing to a more stable training framework. The
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Q-value computation is then expressed as:

Q(s, a) = �(s, a)+ ξ max
a∼π Q(s, a). (44)

In the Q-value expression (44), the term �(s, a) represents
the immediate reward of taking action a while the system is in
state s. The second term, known as discounted future rewards,
incorporates the impact of future rewards. Here, ξ denotes the
discount factor, with smaller values of ξ implying reduced
influence of future rewards on training, while larger values
increase their impact. The expression maxa∼π Q(s, a) within
the discounted reward term is provided by the target DNN.
It offers an estimate of the future Q-values or rewards when
optimal actions are taken based on the current policy of the
target DNN. Here, a represents future actions, and π is the
policy of the target DNN.

In the proposed D3RL framework, as defined earlier,
the value function and advantage function are computed as
follows:

Vπ (s) = E
a∼π{Q

π (s, a)}, (45)

Aπ (s, a) = Qπ (s, a)− Vπ (s). (46)

With the value function and advantage function, the Q-value
is computed as:

Q(s, a,�) = V(s,�)+
(

A(s, a,�)− 1

X
∑

a

A(s, a,�)

)
,

(47)

where X denotes the size of action set, and � denotes the
weights and biases of the primary DNN. The inclusion of �
in Eq. (47) shows that all the values used are obtained from
the primary DNN.

Then, the primary DNN is trained to minimize the difference
between the values obtained from (44) and (47). This results
in training the D3RL agent to provide accurate estimates of
the Q-values associated with taking any action in a given state.

The details of the reward, state, and action sets used in the
proposed technique are as follows:

• State: The area allocated to the UAV is partitioned into
small grids, forming a grey-scale image provided to the
agent. Each grid is represented as a pixel, and the pixel
brightness reflects the number of ground devices in that
grid. The default pixel value is set to 0 (black). For each
ground device in the area, 0.1 is added to the pixel value,
enhancing brightness with an increase in the number of
users in that location. An example of the system state
provided to the agent is illustrated in Fig. 2. Additionally,
each action performed by the agent influences the state.
For instance, if the agent moves one block up in the
y-direction, all bright pixels will shift one block down. To
accommodate a service area of W rows and W columns
allocated to the UAV, W/2 rows of black pixels are
appended at the top and bottom of the state figure, and
W/2 columns of black pixels are added to the left and
right, ensuring a complete state representation even when
the UAV is at the boundary of the allocated area.

Fig. 2. The illustration depicts a snapshot of the system’s state. In the grid,
black squares signify the absence of devices, while lighter blocks indicate the
presence of ground devices in the corresponding areas. Notably, the square
located in the fifth row and second column appears brighter than other blocks,
indicating a higher concentration of devices in this specific area compared to
others.

Fig. 3. This figure offers a comprehensive overview of the potential actions
available to the D3RL agent. In this context, action a1 signifies the UAV’s
movement to the lower-left block in the grid, a2 denotes the UAV’s shift to
the lower block, selecting a3 prompts the UAV to move to the lower-right
block, opting for action a4 directs the UAV to the block on the left, action
a5 signifies the UAV’s decision to remain stationary in the current block,
action a6 leads the UAV to the block on the right, the selection of action
a7 results in the UAV moving to the upper-left block, action a8 entails the
UAV’s relocation to the block directly above the current location, and finally,
action a9 indicates the UAV’s movement to the upper-right block.

• Actions: The proposed solution scheme allows the
agent to take any of the 9 actions denoted as
{a1, a2, a3, . . . , a9}. Each action corresponds to a spe-
cific movement, such as moving to the lower-left block
(a1), moving to the lower block (a2), moving to the
lower right block (a3), moving to the block on the left
(a4), deciding to remain in the same block (a5), and so
on. Fig. 3 provides a comprehensive visualization of each
action.

• Reward: At the conclusion of each action, the agent
receives a reward as feedback to aid in learning the
effectiveness of the action. In the proposed framework,
the reward is computed at the current location after taking
the action by solving the optimization problems related
to beamforming and power allocation, as explained in
the preceding subsections. If a feasible solution exists
at the current location, the reward is determined by the
difference in the sum rate of the system at the current
location after the action and the sum rate at the previous
location. This guides the agent to move to adjacent blocks
that increase the system’s sum rate. If there is no adjacent
block offering a higher sum rate, the agent decides to
stay idle, with the reward for staying in the same block
set to 0. Fig. 4 illustrates examples of rewards the agent
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Fig. 4. The figure illustrates an example of rewards provided to the D3RL
agent as a result of taking each action. It showcases that the least favorable
action for the UAV is moving to the lower-right block, resulting in the
minimum reward. In contrast, the optimal action, yielding the maximum
reward, involves moving to the upper-left block. Furthermore, the figure
demonstrates that remaining stationary in the current block results in an
anticipated reward value of 0.

might receive for different actions. If a feasible solution
does not exist or a constraint is violated, the reward value
is set to a negative number.

1) DNN Model: The system’s state is provided as a grey-
scale image, necessitating the use of a convolutional layer with
20 kernels, each sized 3 × 3, as the first layer in the proposed
DNN. Following this convolutional layer is the flattening layer,
responsible for converting the 2-dimensional outputs of the
convolutional kernels into a stack of 1-dimensional arrays.
Subsequently, two dense hidden layers, sized 1000 nodes
and 500 nodes, follow the flattening layer. The output layer,
appearing after the second hidden layer, contains 10 nodes.
Specifically, 9 of these nodes provide the advantage values
for each action (a1, a2, . . . , a9), while the 10th node offers
the value associated with the state. These outputs are then fed
into the dueling mechanism, executing the operations detailed
in (47), ultimately providing the estimate of the Q-value
associated with each action in the action space. The steps
and the proposed DNN model are visually represented in
Fig. 5. Further, rectified linear-unit (ReLu) activation function
is applied in the nodes of all layers, except for the output layer
where the linear activation function is used.

2) D3RL Training: The steps involved in training the
D3RL framework are provided in Algorithm 1. We propose
a replay memory-based training framework where the agent
saves the state, action taken, the reward obtained, and the next
state after taking the action, in memory. In each training round,
we sample a fixed-size mini-batch from the memory, and the
agent is trained on the mini-batch to minimize the Q-value
estimation error. The steps in the algorithm are explained
below.

The training of the D3RL agent depends on exploring
new actions to update the policy in each training round.
In the proposed algorithm, we introduce a soft exploration
technique where actions are drawn in relation to the current
policy depending on the current temperature of exploration.
At small values of exploration temperature, the probability of
taking any action is almost the same. With each iteration, the
temperature of exploration is increased, resulting in the agent
taking actions that have a higher probability of returning higher
rewards.

Algorithm 1: Training the D3QL Agent
1) Initialize the memory and set υ=0
2) Initialize primary DNN with weights � and target

DNN with �
3) for each step
4) Observe state (s)
5) Take action a by doing soft exploration
6) Increase the value of υ as υ = υ +�

7) Receive feedback and compute the reward
8) Store a, s, s, and reward in the memory.
9) Draw I samples from the memory for training the

primary DNN
10) For each sample compute Q(s, a) using the value

of obtained reward and employ target DNN for
the estimated future reward as in (44)

11) Compute agent’s estimations of Q-values using the
primary DNN as in (47), then calculate the loss
and perform back-propagation on the primary DNN
to minimize the estimation error

12) Update λ as � = (�+�)/2
13) end for

In soft exploration, the probability distribution of actions is
computed as:

Pa = eQak ×υ
∑χ

k=1 eQak ×υ

where Qak is the expected Q-value of taking action ak in the
current state, and υ denotes the temperature of exploration.
Then, during soft exploration, the actions are drawn according
to a ∼ Pa. With each training round, the value of υ is
increased, resulting in reducing the probability of random
actions.

In the first step of the algorithm, we initialize the memory
buffer and set the value of the soft exploration temperature
υ = 0. Then, we initialize the primary DNN and target
DNN with random weights. In each training step, the agent
is provided the current state of the system in Step 4. In
Step 5, the agent performs soft exploration, and the exploration
temperature is incremented by � in Step 6. Then, the agent
receives the reward in Step 7, which is computed as the
difference in the sum rate of the system before and after
taking the action, as explained earlier. The state, action, reward
and next state are stored in the memory buffer in Step 8. In
Step 9, the agent randomly selects I training samples from the
memory buffer. In Step 10, the agent computes the Q-values
for each sample using target DNN and the reward value as
shown in Equation (44). Then, we compute the estimated
Q-values of the action using primary DNN as shown in
Equation (47) and perform back-propagation to minimize the
estimation error of the primary DNN. In Step 12, the weights
of target DNN are set equal to the average of the current
weights of the target DNN and the updated weights of the
primary DNN.

Computational Complexity: For the service area of the UAV
divided into grids, the computational complexity of training
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Fig. 5. The figure demonstrates the application of the DNN structure to the system’s state and illustrates how the dueling mechanism is employed to estimate
the Q-value of each action.

the proposed D3RL agent is given as:

O

(
Te

(
V(W − (L − 1))2 × A + A × B + B × 10

))

where Te is the number of training rounds or epochs required
to train the agent, V denotes the number of kernels in the
convolutional layer, L is the number of rows and columns in
each convolutional kernel, W is the dimension of the input
state (i.e., the number of pixels in each row and in each
column), A denotes the number of nodes in the first dense
layer, B is the number of nodes in the second hidden layer,
and there are 10 nodes in the output layer [44].

D. Joint Solution Scheme

After the training of the D3RL agent is finished, the trained
model can be used to optimize the location of the UAV, along
with the solutions provided in previous sections to optimize
the beamforming and power allocation. In this section, we
provide Algorithm 2 that combines all the schemes to provide
a joint optimization.

In the algorithm, we have nested loops. The outer loop
keeps the algorithm running until convergence, meaning that
the algorithm runs until the change in the average rate of two
consecutive iterations is very small. In Step 2, we provide
the UAV with the current state of the system (locations of
the ground devices). Then, in Step 3, we update the location
of the UAV according to the output of the D3RL agent. In
Step 4, we get the channels to the ground devices at the current
location and generate a random beamforming vector, which is
then passed to the inner loop of Step 5.

The inner loop represents an alternate optimization frame-
work, which runs until convergence or until we reach a
maximum number of iterations. In the inner loop, in Step
6, we use the beamforming value to compute the optimal
power allocation using the scheme proposed in Section IV-B.
In Step 7, we use the optimal power allocation value obtained
from Step 6 to optimize beamforming. This beamforming
solution is then provided to the optimization in Step 6
to optimize the power allocation according to the updated
beamforming vector. The alternate optimization in Step 6 and
Step 7 continues until we reach the maximum number of

Algorithm 2: Joint Optimization Algorithm
1) Until convergence do
2) Provide current state of the system to the trained

agent
3) Update location of the UAV according to the

output of the D3RL agent trained as in
Section IV-C

4) Get values of hn at the current location and
generate a random beamforming vector

5) for S iterations OR until convergence do
6) Optimize power allocation for the given

beamforming vector as proposed in
Section IV-B

7) For the power allocation values obtained from
previous step, optimize the beamforming vector
using the technique proposed in Section IV-A

8) If convergence requirements of inner loop are
satisfied break

9) Check for convergence requirements of the outer
loop

10) Return optimal beamforming value, optimal power
allocation and optimal location of the UAV

iterations or until the convergence requirements are satisfied,
as shown in Step 8. Then, we check for the convergence of
the outer loop in Step 9. At the convergence of the outer loop,
the solution values are returned in Step 10.

Computational Complexity of the Joint Framework:
The computational complexity of the joint framework is:
O(I1(V(W − (L − 1))2 × A + A × B + B × 10 +I2(DNK3.5 +
3EN))), where I1 is the number of iterations required for
the convergence of the outer loop of Algorithm 2, I2 is the
number of iterations required for the convergence of the inner
loop. V is the number of kernels in the convolutional layer,
L is the number of rows and columns in each convolutional
kernel, W is the dimension of the input state (i.e., number
of pixels in each row and in each column), A and B denote
the number of nodes in the first and second dense layers,
respectively. Then, D and E are the numbers of iterations
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TABLE I
SIMULATION PARAMETERS

required for the techniques in Sections IV-A and IV-B to
converge, respectively.

V. SIMULATION RESULTS AND DISCUSSION

For the simulations, we consider that the UAV is allocated
an area of 10,000 m2 (100m × 100m). We divide the area
into small grids of dimensions 5m × 5m, resulting in a grid of
20 rows and 20 columns. The values of the remaining system
parameters are provided in Table I, unless stated otherwise.
Considering a practical scenario, we assume that the distri-
bution of the ground devices follows a hotspot area, which
can be modeled as a two-dimensional truncated Gaussian
distribution [45], where the center point is selected at random
in the allocated area, and the variance of the distribution was
taken to be 25.

To highlight the benefits of location optimization, we
compare the performance of the proposed joint optimization
scheme with a benchmark where the UAV is located at the
center of the allocated area, and the location of the UAV is
not optimized. However, in the benchmark, the beamforming
and power allocation at the UAV are optimized as proposed in
Sections IV-A and IV-B. The fixed location scheme is referred
to as LOC Fix in the simulation section, and the proposed
joint optimization scheme is referred to as LOC Opt. The
D3RL agent was trained for 10,000 samples, and all the results
presented in this section are averaged over 1000 samples.

In NOMA transmissions, the sum rate of the system is
largely dependent on the channel gain of the closest ground
device (having the best channel conditions), as most of the
system’s resources are allocated to the device with the best
channel conditions, such that all the constraints are satisfied.
Further, as the number of devices in the system increases, the
interference temperature of the system also increases, which
negatively impacts the sum rate. Fig. 6 shows the impact of an
increasing number of ground devices in the system on the sum
rate. For the proposed LOC Opt framework, when the number
of devices is increased, the sum rate of the system decreases
as more power is allocated to satisfy the rate requirements of
the weak users (users with relatively bad channel conditions),
leaving behind less power available for the transmission to the
closest user (the closest user with the best channel conditions
also becomes more significant because it performs SIC to
remove interference from the signals of all other devices in
the system). Hence, increasing the number of users decreases
the sum rate of the system.

However, it is interesting to see that for the case where the
position of the UAV is fixed in the center of the allocated area,
as we increase the number of ground devices, the sum rate
also increases. The reason behind the increase in sum rate is

Fig. 6. System’s performance for increasing value of Pmax under varying
the number of ground devices following a hotspot area distribution.

that, for the fixed location of the UAV, when we have more
users in the system, the probability that the distance of the
closest user from the UAV will be small also increases. For
example, for 8 ground devices in the system, there is a high
probability that a device will be close to the UAV compared
to the system with just 2 ground devices. As a result, the
system allocates most of its resources to the closest users
while satisfying all other constraints of the system, and the
sum rate of the system increases. However, it can be seen
that for the LOC Fix scheme, the marginal gain of the system
(marginal gain is the unit gain in the sum rate when a new
ground device is added) decreases with an increasing number
of ground devices because, for a large number of ground
devices, the disadvantage of allocating more power to the weak
users starts to take over the advantage of the devices being
located closer to the UAV. Fig. 6 also shows that increasing
the value of Pmax also increases the sum rate of the system
as more power becomes available for transmission. Further,
for any number of ground devices in the system, the proposed
LOC Opt framework outperforms the LOC Fix scheme.

All the results in this section consider a hotspot area of
the ground devices, which is modeled as a truncated Gaussian
distribution. However, for a complete analysis, in Fig. 7, we
show the impact of an increasing number of users and Pmax
on the sum rate of the system when the location of ground
devices follows a uniform distribution. It can be seen that,
just like the results in Fig. 6, for the LOC Opt scheme, in
the case of a uniform distribution, the sum rate of the system
decreases with increasing N due to a rise in the interference
temperature of the system. On the other hand, similar to the
hotspot distribution, the sum rate of the system for a uniform
distribution of ground devices increases in the case of LOC
Fix as the probability that the strongest user (user closest to the
UAV) will have a better channel also increases. However, the
marginal gain in the sum rate in the case of LOC Fix decreases
with increasing users because the disadvantage of increasing
interference temperature starts to shadow the advantage due
to the better channel of the strongest user.

Another interesting thing to note is that the gap in the
sum rate offered by LOC Opt and LOC Fix for N = 8 in
the case of a uniform distribution is less as compared to the
hotspot distribution, which also makes sense intuitively. For a
uniform distribution where a large number of ground devices
are scattered all over the area, the optimal location of the UAV
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Fig. 7. System’s performance for increasing value of Pmax under varying
the number of ground devices following a uniform distribution.

Fig. 8. System performance for increasing Pmax under different M.

to serve all the devices would be the center of the service area.
However, for a practical number of users being served on the
same channel in NOMA, it can be seen that LOC Opt always
outperforms LOC Fix, for any value of Pmax.

The impact of increasing the number of T-RIS elements on
the sum rate is shown in Fig. 8. As we increase the number
of T-RIS elements mounted on the UAV, the sum rate of the
system also increases. However, it should be kept in mind that,
as we are assuming an T-RIS-mounted UAV, it might not be
possible to have a very large number of T-RIS elements on the
UAV, and factors like the load-bearing capacity of the UAV
should be accounted for while deciding the size of the T-RIS.
Further, it can be seen that for M = 36, LOC Fix provides
more rate than LOC Opt with 9 T-RIS elements. However, for
the same number of T-RIS elements, the proposed LOC Opt
framework always outperforms the LOC Fix scheme.

The impact of increasing Rmin on the sum rate of the system
for different values of Pmax is shown in Fig. 9. When the
minimum rate requirement of the ground devices is increased,
more power is allocated for the signals of the weak users,
leaving behind less power for the signal of the strong users,
resulting in a decrease in the sum rate of the system. Further,
as the rate of a user is a logarithmic function of the allocated
power, a linear increase in Rmin results in an exponential
increase in the required power to satisfy the rate requirement of
the device. Hence, it can be seen that the decrease in the sum
rate when Rmin is increased from 1 kbits/s to 5 kbits/s is much
less compared to when Rmin is increased from 5 kbits/s to
10 kbits/s. As increasing the value of Rmin bounds the system
to allocate more resources to the weak user, the system with
a smaller value of Rmin will always provide higher values of

Fig. 9. System’s sum-rate performance under different values of Rmin.

Fig. 10. The effect of phase-shift discretization at the T-RIS.

the sum rate as compared to a system with higher values of
Rmin.

As discussed earlier in Section IV-A, in some systems with
limited resources, it may not be feasible to employ the contin-
uous phase-shift-based optimal solution. Hence, discretization
of the phase shifts is required, where each element may
be restricted to discrete levels of phase shifts. The Fig. 10
shows the impact of discretization of the phase shifts on the
sum rate of the system. As expected, discretization introduces
sub-optimality, resulting in performance degradation. When
discretization is introduced with each discrete step incre-
mented by a value of π

18 , the sum rate of the system decreases
compared to the optimal continuous phase-shift values. Further
increasing the discretization step from �ψ = π

18 to �ψ = π
6

causes a further decrease in the sum rate. However, it should
be noted that the performance degradation due to phase-shift
discretization at the T-RIS results from system limitations and
does not imply any sub-optimality in the proposed solution.

Although the considered problem has not been addressed
in the literature before, some works have proposed deep
Q-learning (DQL)-based schemes for NOMA power allo-
cation [46], [47]. In DQL-based NOMA power allocation,
system parameters such as the users’ channel state information
are provided to the DNN as the system state. The action
space includes actions like increasing or decreasing the power
allocated for each user’s transmission. The reward, in this case,
is the sum rate of the system, provided that no constraints
are violated; otherwise, the reward is zero. The Fig. 11
presents a comparison of the proposed framework with a
DQL-based scheme for NOMA power allocation, where T-RIS
beamforming and UAV positioning are optimized as proposed
in this work. Since our proposed framework yields optimal
power allocation values, it outperforms the DQL framework
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Fig. 11. Comparison of the proposed framework with the technique where
NOMA power allocation is optimized using DQL.

Fig. 12. Convergence behavior of the proposed scheme and the technique
where NOMA power is allocated using the DQL.

across all values of Pmax, highlighting the benefits of the
proposed NOMA power allocation scheme over DQL-based
approaches.

Fig. 12 shows the convergence of the joint solution frame-
work, proposed in Section IV-D, and the scheme with
DQL-based NOMA power allocation. At the start of the
optimization process, the UAV is positioned at the center of
the allocated area. In each iteration, the proposed framework
updates the UAV’s location and calculates the power allocation
values and beamforming vector. As shown in Fig. 12, the
sum rate of the system increases with each iteration for
both schemes, demonstrating their efficiency. The sum rate
continues to rise until it reaches a maximum value, where the
solution converges. Additionally, it is clear that at convergence,
the proposed framework achieves a higher sum rate than the
DQL-based scheme.

VI. CONCLUSION

In this study, we proposed a joint optimization framework
for optimizing the location of a T-RIS-mounted NOMA-
enabled UAV system, the T-RIS beamforming vector, and the
power allocation for NOMA transmission. The optimization
process took into account the rate requirements for each
ground device within the UAV’s designated area, the UAV’s
power budget, location constraints, and practical limita-
tions associated with T-RIS beamforming. The simulation
results showed that the proposed framework provides efficient
performance. We presented the results while considering both
hotspot areas and the uniform distribution of the ground
devices. Furthermore, optimizing UAV location was found to
be critical, as the results show that optimizing the location

provides a gain of up to 65.9% in the sum rate of the system.
In the future, we aim to optimize channel allocation and user
clustering at the UAV to limit the number of ground devices
assigned to the same channel, as increasing this number raises
system interference. Additionally, for a multi-UAV system,
where each UAV serves its dedicated area, we plan to use
federated learning to accelerate the training process of the
D3RL framework.
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